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“…perché credeva di poter essere vivo e felice solo se lo erano anche gli altri,
…perché aveva bisogno di una spinta verso qualcosa di nuovo, perché era disposto
a cambiare ogni giorno, perché sentiva la necessità di una morale diversa. Perché
forse era solo una forza, un volo, un sogno, era solo uno slancio un desiderio di
cambiare le cose, di cambiare la vita... perché con accanto questo slancio ognuno
era come più di se stesso, era come due persone in una…”
Giorgio Gaber
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Abstract
Multimodal imaging based on simultaneous electroencephalography (EEG)
and functional magnetic resonance imaging (fMRI) is a viable approach for
investigating human brain function. EEG provides a direct measure of oscillatory
electrophysiological activity, which originates from the firing of cortical neurons. It
has high temporal resolution, on the scale of milliseconds. fMRI has proved to be
very accurate in displaying brain activations with a spatial resolution of a few
millimeters. It detects the slow hemodynamic fluctuations, which are measured using
the Blood Oxygenation Level Dependent (BOLD) contrast, and are only indirectly
associated with neuronal activity. Accordingly, the integration of EEG and fMRI
allows the visualization of the same phenomenon, the brain activation, through two
different spatial-temporal windows of analysis, each of them able to show particular
features.
Though, the EEG-fMRI integration is methodologically challenging, as it may
compromise data quality and raise concerns on subject safety. Growing efforts have
been made to tackle these challenges, resulting in the introduction of specifically
magnetic resonance (MR)-compatible designed EEG instrumentation, and the
development of more and more advanced techniques for dealing with artifactual
sources.
Despite consistent improvements over the years, the EEG signals recorded
during simultaneous fMRI scanning are still contaminated by strong artifacts,
induced by the interactions between the MR environment, the EEG equipment and
the participant. For an accurate characterization of the measured brain signals, they
should be removed before any further analysis. The gradient artifact, generated by
the fMRI acquisition process, has a massive effect, but can be relatively easily
removed due to its high reproducibility. Gradient artifact aside, the EEG recordings
are still heavily corrupted by the presence of the ballistocardiographic (BCG) artifact,
which is associated with the ongoing cardiac activity of the participant. Despite
some methods to remove the BCG exist, this processing step is very challenging
due to the complex BCG spatio-temporal dynamics.
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Once EEG data are cleaned from the MR-related artifacts, they are given as
an input for conventional, out of MR scanner, EEG analyses. This includes further
pre-processing steps and, eventually, EEG source localization. For the latter, the
major issue raises from the definition of the volume conduction model, constructed
by the integration of information about the subject’s head anatomy, tissues
biophysical, e.g. electrical and physical, properties, and position of the EEG sensors
over the scalp. This model is meant to theoretically establish how brain sources can
generate specific distributions of EEG potentials, and its accuracy is strongly
influenced by the correctness of the information given in input. Thus, the availability
of clean EEG data and the definition of a reliable volume conduction model are
essential requirements for accurate EEG neural sources imaging.
To promote a more widespread use of simultaneous EEG-fMRI, these
challenges should be tackled and effective solutions sought. The work of this thesis
is oriented towards the development of a technological platform for EEG-fMRI data
integration. The first part of this work focuses on EEG artifacts arising from the
combination with fMRI, with special attention to the BCG artifact. The BCG artifact is
first characterized and, then, removed by means of an efficient method that relies on
BCG artifact features extracted from the data of interest. The second part of this
thesis proposes an innovative approach to localizing EEG electrodes position from
structural MR images. The methodological advancements achieved with this PhD
work have improved the tools available for the processing of EEG data
simultaneously acquired with fMRI scanning. These tools might contribute to the
investigation of brain function, by reliably coupling EEG and fMRI measurements
and allowing a more comprehensive characterization of brain activity.
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Sommario
L’imaging multimodale basato su elettroencefalografia (EEG) e risonanza
magnetica funzionale (fMRI) rappresenta un approccio adatto ad investigare la
funzione del cervello umano. L’EEG fornisce una misura diretta dell’elettrofisiologica
attività oscillatoria, la quale viene originata dall’attivazione di neuroni corticali. L’EEG
ha un’elevata risoluzione temporale, nell’ordine dei millisecondi. La fMRI ha
dimostrato di essere molto accurata nella rappresentazione delle attivazioni
cerebrali con una risoluzione spaziale di alcuni millimetri. La fMRI rileva lente
fluttuazioni emodinamiche, che sono misurate con il contrasto Blood Oxygenation
Level Dependent (BOLD), e sono solo indirettamente associate all’attività neuronale.
Di conseguenza, l’integrazione di EEG e fMRI permette la visualizzazione dello
stesso fenomeno, l’attivazione cerebrale, attraverso due diverse finestre di analisi
spazio-temporale,

ognuna

delle

quali

consente

di

evidenziare

particolari

caratteristiche.
Comunque, l’integrazione di EEG e fMRI è metodologicamente complicata,
visto che può compromettere la qualità dei dati e mettere a rischio l’incolumità del
soggetto. Sforzi crescenti sono stati fatti per affrontare queste problematiche,
attraverso l’introduzione di strumentazione EEG sviluppata specificatamente per
essere compatibile con la risonanza magnetica (MR), oltre allo sviluppo di tecniche
sempre più avanzate per la rimozione di artefatti.
Nonostante considerevoli miglioramenti nel corso degli anni, i segnali EEG
acquisiti simultaneamente con la fMRI sono ancora contaminati da forti artefatti, i
quali sono indotti dalle interazioni tra l’ambiente di MR, la strumentazione dell’EEG
ed il partecipante. Per un’accurata caratterizzazione del segnale cerebrale misurato,
questi artefatti dovrebbero essere rimossi prima di proseguire con qualunque altra
analisi. L’artefatto di imaging, generato dal processo di acquisizione della fMRI, è
massicciamente presente, ma può rimosso in una maniera relativamente semplice,
sfruttando la sua alta riproducibilità. Artefatto di imaging a parte, le tracce EEG sono
ancora profondamente corrotte dalla presenza dell’artefatto ballistocardiografico
(BCG), che è associato all’onnipresente attività cardiaca del partecipante.
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Nonostante alcuni metodi per rimuovere il ballistocardiogramma esistano, questa
fase di processamento è molto ardua a causa della complesse dinamiche spaziotemporali del BCG.
Una volta che i dati EEG sono puliti dagli artefatti associati alla MR, questi
sono dati come input per una convenzionale analisi EEG, così come sarebbe per
dati acquisiti fuori dallo scanner di MR. Ciò include ulteriori fasi di preprocessamento e, eventualmente, localizzazione delle sorgenti. Per quest’ultima, il
maggior problema deriva dalla definizione del modello di volume conduttore,
costruito tramite l’integrazione dell’informazione riguardante l’anatomia della testa
del soggetto, proprietà biofisiche, e.g. elettriche e fisiche, dei tessuti, e posizione
dei sensori EEG sullo scalpo. Questo modello ha il ruolo di stabilire teoreticamente
come le sorgenti del cervello possono generare specifiche distribuzioni dei
potenziali nell’EEG, e la sua accuratezza è fortemente influenzata dalla correttezza
dell’informazione data in ingresso. Perciò, la disponibilità di dati EEG puliti e la
definizione di un modello di volume conduttore affidabile sono requisiti essenziali
per un accurato imaging delle sorgenti neurali basato su EEG.
Per promuovere un uso più diffuso dell’EEG-fMRI simultaneo, queste sfide
dovrebbero essere affrontate per ricercare soluzioni più efficaci. Il lavoro di questa
tesi è orientato verso lo sviluppo di una piattaforma tecnologica per l’integrazione di
dati EEG-fMRI. La prima parte di questo lavoro si focalizza sugli artefatti EEG che
emergono dalla combinazione con la fMRI, con attenzione speciale all’artefatto
BCG. L’artefatto BCG è prima di tutto caratterizzato e, in seguito, rimosso tramite un
efficiente metodo basato sulle caratteristiche dell’artefatto BCG. La seconda parte di
questa tesi propone un approccio innovativo per localizzare la posizione degli
elettrodi dell’EEG a partire da immagini strutturali di MR. Gli avanzamenti
metodologici raggiunti con questo lavoro di tesi migliorano gli strumenti disponibili
per il processamento dei dati EEG acquisiti simultaneamente con la fMRI. Perciò,
questi strumenti possono contribuire all’investigazione della funzione cerebrale
tramite un affidabile accoppiamento tra misurazioni EEG e fMRI, in modo da
permettere una caratterizzazione più comprensiva dell’attività cerebrale.
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1. Introduction
1.1.

Fundamentals of EEG

EEG is a non-invasive electrophysiological technique that measures the
electric potential fields associated with brain activity (Pfurtscheller and Lopes da
Silva, 1999; Lopes da Silva, 2013), by means of electrodes placed over the scalp
surface.
The first human scalp EEG recordings were performed by the psychiatrist
Hans Berger using two silver foil electrodes attached to the head (Berger, 1929). At
that time, Bergen could get the first insight into the human brain, reporting in 1929
the presence of electrical oscillations, which present varying patterns depending on
the state of attention of the subject (Berger, 1929). Since then, EEG has undergone
remarkable technological improvements (Michel and Murray, 2012), resulting in
enhanced sensitivity and temporal resolution (Petrov et al., 2014), and, in parallel,
growing effort has been dedicated to the understanding of the biophysical basis of
the actually measured EEG signal at the scalp level (Buzsaki et al., 2012; Thut et al.,
2012).

1.1.1. Electrophysiological basis of EEG
The neuron is the fundamental functional unit of the neuronal system.
Anatomically, it consists of a cell body, or soma, dendrites, and axon. Functionally,
it is an excitable cell with intrinsic electrical properties. Each neuron interacts with
the neighbouring ones via synaptic processes, which, by taking place in
correspondence of the dendrites, enable the transfer of electrical or chemical
signals from one neuron to the other (Pfurtscheller and Lopes da Silva, 1999;
Jackson et al. 2014).
From the electrical point of view, neurons are characterized by the presence
of specific ions, such as Na+, K+, and Cl- that, depending on their dynamic balance,
define the difference in electrical potential between the intra and extracellular
spaces. In the neuron at rest, this difference in potential commonly ranges between
-70 to -90 mV (Niedermeyer and Lopes da Silva, 2005; Jackson et al. 2014).
2
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When a neurotransmitter reaches the dendrites, a dynamic transmembrane
transfer of ions occurs and it modifies the electrical equilibrium of the cell at rest.
This may result in an increase of the transmembrane potential, i.e. depolarization, in
case of excitation, or decrease of transmembrane potential, i.e. hyperpolarization, in
case of inhibition (Jackson et al. 2014). If the potential raises above a threshold of
approximately -50 mV, a sudden and rapid depolarization occurs, up to 35 mV, at
the level of the cell body, and the so called action potential is generated
(Niedermeyer and Lopes da Silva, 2005).
The action potential consists of a travelling depolarization wave that locally
and temporarily provokes cell voltage changes, while moving forward in the axon,
from the cell body towards the synaptic terminals. Specifically, in correspondence to
the action potential, the local intracellular fluid becomes more positive with respect
to the surrounding extracellular fluid. Thus, when the depolarizing event arrives to
the synapse, a dipolar source-sink or equivalent current dipole configuration
appears, presenting local positive voltage in the cell, the source, and local negative
voltage outside the cell, the sink (Buzsaki et al., 2012; Lopes da Silva, 2013).
Here, extracellular currents arise and propagate almost instantaneously
across the extracellular space to the receptive dendrites of downstream
neighbouring neurons. Here, these extracellular currents may activate the receiving
neurons, by means of post-synaptic potentials, which would generate new action
potentials and, subsequently, enable information transmission to different, and
more distant, neuronal populations (Buzsaki et al., 2004; Buzsaki et al., 2012).
These synaptic interactions can be detected as local field potentials (LFPs)
by means of electrodes placed in the extracellular fluid, close to the synapses. Also,
since the brain is a conductive medium (Van der Broek et al., 1998), the synaptic
currents propagate almost instantaneously across the extracellular space, which
means that, in principle, it is possible to record neuronal activity, associated with a
certain neuron, or neuronal populations, also in regions very far from the originating
source, such as can be done by scalp EEG electrodes (Dale and Halgren, 2001;
Michel et al., 2004; Michel and Murray, 2012). Though, this condition may occur
only when a large number of neurons are concurrently activated, or, more
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specifically, fire synchronously (Pfurtscheller and Lopes da Silva, 1999; Nunez and
Silberstein, 2000; Jackson et al. 2014).
In this case, the electric fields associated with the synaptic currents, and the
corresponding dipoles, can sum together across neighbouring neurons and be
detectable also at the scalp level (Nunez and Silberstein, 2000). Obviously,
depending on the position of the EEG sensors, the detected signals will display
different waveforms and magnitudes, reflecting the number of neurons whose
dipoles are summing together, and the variable contribution of each single dipole,
which depends on its strength and spatial orientation, or polarity, and on its
distance from the recording electrode (Ryynanen et al., 2006).
Accordingly, in order to produce a measurable signal at the scalp level,
neurons, and their associated dipoles, must be both arranged in a parallel fashion
along the cortical columns and synchronously active (Nunez and Silberstein, 2000;
Jackson et al. 2014), as shown in Figure 1.1.
Though it is known that EEG signals reflect the underlying neuronal activity,
the localization of the actual source is still a challenging task. Indeed, the measured
voltages at the scalp level result from the sum of many sources of electric fields, i.e.
dipoles in different locations of the brain, which activations are not always linked to
each other (Buzsaki et al., 2012). As each dipole exerts influence in nearly all
directions, it also influences the EEG recordings in every scalp locations, not just on
the scalp region immediately above the dipole, with weighted contributions.
Accordingly, due this phenomenon, called spatial smearing (Burle et al. 2015), the
EEG traces embodies a complex mixture of signals, coming from different neuronal
sources.
The summed activation from different neuronal sources travel through the
brain, across different layers, and tissues, including e.g. grey matter, cerebrospinal
fluid (CSF), skull, and skin, each of them characterized by specific physical and
electrical properties. In particular, signal propagation is affected by tissues’
inhomogeneous, anisotropic and conductive nature (Van der Broek et al., 1998;
Lopes da Silva, 2004; Srinivasan, 2006). For example, if the brain would consist of a
homogenous volume, the generated potentials would travel without any constrains
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and generate activations in any regions with little specificity. If the brain would
present isotropy, the signal would propagate without preferential directions.
Consequently, distinct connections and hierarchical structures between certain
regions could not be established. Concerning the electrical properties of the human
head, conductivity largely varies across different tissues and it surely influences the
way the signal propagates or attenuates (Vorwerk et al., 2014). Also, since the
electric potential of a dipole falls with the square of the distance to the probe, the
sensitivity of EEG is depth-dependent. Thus, more superficial sources, such as
cortical neurons dominate the signal, while deeper structures are considerably
harder to detect (Ryynanen et al., 2006).

Figure 1.1. Synchronous activity and spatial arrangement allow the neuronal signal to be detected at
the scalp level. If neurons a) are aligned in a parallel fashion, but they do not fire synchronously, or b)
are synchronously active, but they present a not optimal spatial orientation, their overall activity result
in a weak generated signal, which might be not detectable at the scalp level. If neurons are firing
synchronously and are spatially oriented in parallel fashion, then the overall generated signal can be
detected by scalp EEG electrodes.
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The fluctuations measurable with scalp EEG are characterized by small
amplitudes, typically ranging between -50 µV and 50 µV (Pfurtscheller and Lopes da
Silva, 1999). Also, EEG signals display different kinds of neuronal oscillations that
have been empirically defined based on their rich spectral profiles (Buzsaki and
Draguhn, 2004; Steriade, 2006; Thut et al., 2012). Accordingly, the EEG spectrum
has been subdivided into delta band (1–4 Hz), theta band (4–8 Hz), alpha band (8–
12 Hz), beta band (12–30 Hz) and the gamma band (above 30 Hz), as shown in
Figure 1.2. Mostly, EEG studies focus on the range 1-80 Hz, as higher frequencies
are more difficult to study, due to the heavy attenuation by the skull and scalp
layers, and some features may be confounded by non-neuronal artifactual sources.

Figure 1.2. EEG spectrum subdivided in five frequency bands: a) delta rhythm (1-4 Hz), b) theta rhythm
(4-8 Hz), c) alpha rhythm (8-13 Hz), d) beta rhythm (13-30 Hz), and e) gamma rhythm (30-80 Hz).

Nowadays, it is well known that both amplitude and spectral content of EEG
signals reflect important information about the state of the brain and it has been
6
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shown that different brain conditions, such as rest, or sleep, or during tasks, have
been associated with oscillations at particular frequency ranges (Varela et al., 2001;
Thut et al., 2012; McAvoy et al. 2017). For example, delta plays a dominant part in
the EEG spectrum during deep sleep (Steriade and Timofeev, 2003; Schabus et al.,
2007; Tagliazucchi et al., 2013), theta during learning process and memory
formation (Sauseng et al., 2010), alpha during rest (Laufs et al., 2003), especially in
eyes-closed condition, beta during sensorimotor tasks (Roopun et al., 2006), and
gamma during active cognitive function and processes integration (Fitzgibbon et al.,
2004).

1.1.2. EEG instrumentation
An EEG recording system (Figure 1.3) comprises a set of multiple electrodes
(or sensors), typically enclosed in a cap or a net, and placed on the scalp, an
amplifier, and a recording computer.

Figure 1.3. Schematic of an EEG recording system, including a) cap or net, enclosing a set of multiples
electrodes, placed on the scalp of the subject, b) amplifier in which recorded signals are amplified and
digitized, and c) recording computer on which EEG data are displayed for on-line visualization.

The electrodes are built with conductive materials, such as gold or copper,
and more recently, silver/silver chloride, and they are connected to the amplifier by
means of conductive leads. In order to reduce the impedance between the
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electrode-skin interfaces and enable an optimal signal transmission, an electrolyte
paste (or gel) or saline solution can be applied between the electrode and the skin.
The scalp voltages are detected from each electrode and sent to the
amplifier, in which, prior to amplification, a reference signal is subtracted. The
reference signal is required as the measured EEG signal can be seen as a difference
of potential between two channels. More specifically, each EEG signal measured at
a given electrode corresponds to the difference between the potential at the
electrode itself and the potential of a reference channel, typically a common
reference electrode for all the channels (Liu et al., 2015). The reference can affect
the signal waveform, thus, its appropriate choice is warranted to reliably
interpreting EEG data (Yao et al., 2005).
Following the amplification, recorded EEG data are converted from analogic
to digital format. At this point, EEG data are stored in the recording computer and,
eventually, displayed for real-time visualization. An EEG net can accommodate a
large number of electrodes. For clinical purposes, 32 to 64 electrodes systems are
commonly adopted, though recent developments have brought to the introduction
of high-density EEG systems, which include up to 256 recording channels (Tucker,
1993). Despite the increasing number of electrodes, the information used for
guiding the positioning of the net still relies on standardized guidelines, derived
from the 10-20 system requirements, which commonly include the definition of
physical landmarks on subject’s head, such as nasion, inion and head vertex
(Lagerlund et al., 1993; Le et al., 1998; Oostenveld and Praamstra, 2001; He and
Estepp, 2013). The advantage of this increased number relies on the potentially
higher capability of properly capture information on neuronal dynamics (Ryynanen
et al. 2004; Srinivasan et al., 2006; Petrov et al., 2014).

1.1.3. Brain activity reconstruction with EEG
Notably, EEG signals can be analyzed at the scalp level, but growing interest
has been dedicated to the localization of the brain sources, which enables more
reliable investigation of the actual neuronal dynamics. In fact, EEG scalp signals can
be seen as a front-end version of true brain activity, generated at the source level.
8
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Scalp activity is, indeed, the result of neuronal signals mixing from different sources
and distorted through the conductive mean. Accordingly, the definition of an
appropriate conductive model, the so-called forward problem, is essential to
achieve accurate source localization (Michel et al., 2004; Michel and Murray, 2012;
Pittau et al., 2014). The volume conduction model provides information on how
brain sources can generate specific distributions of scalp potentials over the EEG
electrodes. To this end, information on head geometry, tissues properties and
electrodes position are needed. Following the definition of the volume conduction
model, EEG data are included in the processing pipeline, and brain activity can be
reconstructed by solving the so-called inverse problem. The solution of the inverse
problem is not unique. Since infinite number and configurations of neuronal sources
may lead to same scalp potential distribution detected by the EEG, the definition of
constrains based on brain physiology and a priori knowledge about the source
signal generation and propagation should be taken into account to reduce the
number of possible solutions (Srinivasan, 2006). The correctness of these
assumptions strongly affects the correctness of the resulting EEG localized sources.
The volume conduction model is defined by the integration of the
information on head geometry, tissues electrical properties, and EEG electrodes
position (Vorwerk et al., 2014). Originally, the head was modelled as a simple
homogenous sphere with three concentric layers, representative of three major
head tissues, with different conductivity values. Though, the head is not a
homogenous volume (Wolters et al., 2006) and it is far from having such simple
geometry. It has been shown that the use of over-simplified head models, including
low number of layers and basic shape, approximated tissue conductivities estimate,
imprecise EEG sensors localization and co-registration, and inadequate number of
electrodes, strongly affect the accuracy of the reconstructed brain activity (Lantz et
al., 2003; Acar et al., 2013; Dalal et al., 2014; Cho et al., 2015; Song et al., 2015).
Nowadays, more sophisticated head models, built on the individual structural MR
image, and including up to twelve layers, are available, as shown in Figure 1.4.

Introduction

9

Figure 1.4. Example of a) structural MR image, b) segmented into twelve layers, each of them
representative of a specific head tissue. This segmentation includes cortical white matter, cortical gray
matter, CSF, fat, compact bone, spongy bone, skin, muscle, eyes, cerebellar white matter, cerebellar
gray matter, and brainstem. From left to right, axial, coronal, and sagittal views are displayed.

Each tissue may impede or permit ion flow, based on its inherent electrical
properties and physical arrangement, as expressed by conductivity and anisotropy
(Van der Broek et al., 1998; Nunez and Srinivasan, 2014). For instance, CSF is highly
conductive and its inclusion in the realistic head model is of vital importance
(Vorwerk et al., 2014). The skull, on the other side, presents considerably lower
conductive values compared to other tissues, and its conductivity varies depending
on the layer and the consistency of the bone (Ryynanen et al., 2006). Concerning
EEG electrodes localization, their position is commonly recorded by using a 3D
digitizer

or,

in

case

of

high-density

EEG

systems,

with

the

geodesic

photogrammetry system (GPS) (Russell et al., 2005). The latter one consists of a
system of cameras, which enables to simultaneously capture images of the
subject’s head, while wearing the EEG net. The GPS is meant to speed-up the very
time-consuming and error-prone procedure associated with the standard
digitization of the EEG electrodes positions (De Munck et al., 1991). Once the
electrodes position is detected, it is co-registered on the subject’s head model
scalp mesh. Derived coordinates are first transformed from the digitizer, or GPS,
reference system into the head model reference system, and, then, automatically
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registered to the head model surface, based on a first alignment with few fiducial
points, or landmarks (Whalen et al., 2008; Richards et al., 2015). For this coregistration step, six translation and rotation parameters that minimize the total
squared distance between the sensors and the model scalp surface are calculated,
though non-negligible errors may still arise from this step and affect the accuracy
of brain reconstructed sources.

1.2.

Fundamentals of MRI

MRI is a technique that allows obtaining images of living tissues noninvasively and without using ionizing radiation, by measuring the magnetic spin
properties of certain atomic nuclei, mainly hydrogen, due to its important presence
in the human, in form of water molecules. The physics phenomenon MRI is based
on was first explored in the 1930’s by Felix Bloch and Edward Purcell, who
investigated the interactions of atomic nuclei with applied magnetic fields (Rigden,
1986). Later, in the 1970’s, MRI began effectively an imaging technique, which
enabled to generate anatomical images of human body sections, by recording the
minuscule radio signal released by atomic nuclei excited with temporary varying
magnetic fields.

1.2.1. Physical principles of MRI
Protons and neutrons are characterized by an intrinsic angular momentum,
or spin, to which is associated a nuclear magnetic moment, precessing in
correspondence of a given static magnetic field 𝐵! at the so-called Larmor
frequency 𝜔! :

𝜔! = 𝛾 ∗ 𝐵!

(1.1)

In which 𝛾 represents gyromagnetic ratio, which is equal to 42.57 MHz/T for
a hydrogen nucleus. In absence of a strong magnetic field, nuclear magnetic
moments are randomly oriented and the overall sum of their magnetic contribution
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is equal to zero. The presence of the static high-intensity magnetic field, gradually,
induces the alignment of the nuclear magnetic moments with or against the main
direction of the magnetic field, as shown in Figure 1.5. If the nuclear magnetic
moments display a preferential orientation, while keeping cancelling each other
contribution, the net magnetization vector 𝑀 is non-zero (Pykett et al., 1982).

Figure 1.5. Behavior of nuclear magnetic moments a) in absence and b) in presence of a static
magnetic field B. In a), nuclei are randomly oriented and their magnetic contribution is equal to zero,
since there is not a preferential direction of alignment. In b), the presence of a magnetic field induces
the alignment of nuclear magnetic moments in the direction of the magnetic field, in a parallel or antiparallel fashion.

Though, when a supplementary magnetic field 𝐵! is applied (Figure 1.6), this
equilibrium is disrupted and the magnetization vector 𝑀 is tilted proportionally to
the exposure duration of the temporary magnetic field. This field is applied in form
of electromagnetic wave, and modifies the characteristic Larmor frequency 𝜔!
associated with the given proton:

𝜔! = 𝛾 ∗ (𝐵! + 𝐵! )

(1.2)

𝑀 rotates around the main magnetic field vector, through a movement
called precession. When an oscillatory magnetic field 𝐵! , transverse to 𝐵! , is applied
at a frequency similar to Larmor frequency, it is in resonance with the precessing
nuclei, which means that the net magnetization 𝑀 changes its equilibrium
orientation of a certain angle, flip angle (Pykett et al., 1982).
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Figure 1.6. In presence of a static magnetic field B, the magnetization vector M is aligned with B and it
has maximum magnitude (a). When a supplementary magnetic field B1 is applied M is tilted of a certain
angle proportional to the duration and entity of B1 (b). Both in a) and b), M keeps rotating around its
own axis with a movement called precession.

Following this excitation, 𝑀, by continuing the rotation around the z-axis at
the Larmor frequency, presents a longitudinal component 𝑀! and a transversal
component 𝑀!" , perpendicular to each other. This precession can be detected by a
receiver coil, by means of electromagnetic induction, expressed by Faraday’s law:

𝜉! = −

!!!
!"

𝑡 = −

!
!" !

𝐵 𝑟, 𝑡 ∗ 𝑁 𝑟, 𝑡 𝑑𝑆

(1.3)

In which 𝜉! is the induced electromotive force, ϕ! represents the magnetic
flux through the surface 𝑆 enclosed by the coil, and 𝑁 the unitary normal vector to
the surface 𝑆, at the position 𝑟 and the instant time 𝑡 .
When the exciting oscillatory magnetic field is removed, the 𝑀 tends to
return to its original state of equilibrium, by dissipating the energy received during
the excitation step. Thus the magnitude of 𝑀! an 𝑀!" does not remain constant in
time. In particular, 𝑀! increases, while 𝑀!" becomes again null. This process is
called spin relaxation and, depending on the way the excited nuclei dissipate their
energy, it is possible to differentiate three mechanisms (Stanisz et al., 2005):
1) 𝑇! relaxation time constant explicates a process called spin-lattice relaxation,
in which excited nuclei dissipate their energy in interactions with surrounding
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13

molecules mediated by randomly fluctuating magnetic fields. The 𝑇!
relaxation mechanisms drive the regeneration of the 𝑀 along the z-axis, as
described by the following expression:

𝑀! 𝑡 = 𝑀! − (𝑀! − 𝑀! (0)) ∗ 𝑒 !!

!!

(1.4)

In which 𝑀! reaches the maximum value 𝑀! corresponding to the 𝑇! .

2) 𝑇! relaxation time constant explicates a process called spin-spin relaxation,
in which excited nuclei experience small variations in their Larmor frequency,
due to low-frequency, microscopic random fluctuations of the local magnetic
field. These small individual variations in the Larmor frequency lead to a
general loss of phase coherence for the individual magnetic moments,
resulting in a decrease of the magnitude of the transverse magnetization
𝑀!! , as described by the following expression:

𝑀!" 𝑡 = 𝑀!" 0 ∗ 𝑒 !!

!!

(1.5)

3) 𝑇!∗ mechanisms are associated with differences in Larmor frequency across a
sample

of

nuclei

due

to

"external",

macroscopic

magnetic

field

inhomogeneities. These inhomogeneities can be caused by distortions
occurring in the static magnetic field, or by differences in magnetic
susceptibility between structures in the sample, such as air/tissue interfaces.
Due to these differences, their contributions are cancelled by each other,
and fast decay of the signal occurs. This fast decay implies that the effective
transverse relaxation time 𝑇!∗ , which depends on the field inhomogeneities,
can be considerably shorter than 𝑇! (Yacoub et al., 2001):

!
!!∗

=

!
!!

+

!
!!!

(1.6)

In order to produce an image, the alignment between the static magnetic
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field B and the magnetization vector is perturbed. Magnetic resonance imaging
exploits these physical properties to differentiate tissues, which are characterized by
peculiar composition and density. In fact, temporary and spatially varying magnetic
fields are used to encode magnetic spins with space-dependent properties, and
thereby obtain information regarding their distribution in living tissues. More
specifically, magnetic field gradients are applied in the scanner in which the static
strong magnetic field is already present. When the supplementary gradient is
switched on the magnetic field linearly increases in the selected direction, resulting
in variation in Larmor frequency based on the position. Thus, it is possible to focus
on the specific sample of interest that presents the defined Larmor frequency
(Pykett et al., 1982).
Image generation is achieved by combining three types of spatial encoding,
i.e. slice selection, phase encoding and frequency encoding, one for each spatial
dimension. Accordingly, three different gradient fields along three orthogonal
directions are superimposed to the static magnetic field.
The slice selection consists in the excitation of certain range of frequencies,
centered in W, to which corresponds a certain slice thickness in the acquired
volume. The process is repeated for different values of frequencies, thus for electing
different slides, until the full volume of interest is acquired. After the excitation of a
slice, based on the echo time, the RF coils detect the signal, associated with the
relaxation. The magnetization vector can be described as a complex number, in
which magnitude relates to the actual relaxation and the phase to the precession
movement. Following the selection of the slice of interest, phase and frequency
encoding enable the spatial discrimination on a plane (Foster et al., 1984).
The phase encoding consists in the application of a gradient G that will
introduce a spatially dependent shift. Thus, it is possible to identify differences in
position based on the different phases of the detected signal. The frequency
encoding is then applied to differentiate the precession frequencies along the x
direction. The third gradient is typically applied simultaneously with the actual
image acquisition, i.e. readout. Each tissue is characterized by specific relaxation
time, thus by selecting a certain acquisition sequence is possible to enhance or
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suppress the effect of magnetization given from a certain brain regions. By
manipulating the acquisition parameters, repetition time (TR), and echo time (TE)
the magnetization vector, and, subsequently, the acquired signal, displays
differences associated with the time constants 𝑇! and 𝑇! , such as contrast or
brightness, and enable the discrimination of tissues (Foster et al., 1984), as shown in
Figure 1.7.

Figure 1.7. Discrimination of brain tissues based on the contrast associated with specific relaxation
times. In a) T1-weighted recovery of different structures is shown. A short TR time provides a larger
contrast between two tissues with different composition. A long TR does not allow discriminating the
two structures. In b) T2-weighted decay of different structures is shown. A short TE time does not allow
discriminating the two structures. A long TR provides a larger contrast between two tissues with
different composition.

TR represents the time between two consecutive pulses, and it should be
long enough to allow the magnetization vector to restore its equilibrium state. TE is
referred to as the time between the initial excitation pulse and the detection of the
MR signal.
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1.2.2. MR scanner
The MRI acquisition system (Figure 1.8) has an extremely advanced
technology, whose electronics has to precisely work in presence of a strong
magnetic field environment. The MR scanner consists of several components,
including a cylindrical superconductive magnet that generates the static magnetic
field, and radiofrequency (RF) coils which are used to apply the temporary
supplementary magnetic gradients and, eventually, to detect the released signal
following the relaxation.

Figure 1.8. Schematic of an MRI acquisition system, including a) superconductive magnet, which
generates the static magnetic field, b) RF coils, which generates the temporally-varying gradients and
detect the released signals from the brain, c) head-coil, which constrains the volume of interest to be
acquired, d) recording computer on which MR data can be visualized, following the reconstruction of
the image, and e) bed on which the subject lies during the investigation in the MR scanner. The MR
scanner is located in a shielded room. This is required for safety reasons, for avoiding dangerous
situations related to the presence of a free strong magnetic field, and for data quality, for avoiding
unwanted distortions in the MR data due to electromagnetic disturbances. Accordingly, only MRcompatible electronic device and metal-free objects can be introduced in the MR scanner room. The
recording computer is located in the control room, which is typically next to the MR scanner room.

To preserve its superconductive state, the magnet is kept at very low
temperature, just a few Kelvin, by means of a helium pump cooling system, also
called cryogenic pump, in addition to several thermally insulating layers.
The MR scanner is controlled from a computer located in an external room.
In particular, this computer is used to program the specific sequence associated
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with the acquisition protocol and allows the visualization of the acquired volumes.
The triggers of the acquisition are sent to the RF coil transmitting the excitatory
temporally-varying gradients. These coils are designed to provide a fast field
switching, with fast rise-times, which enables specificity in the selection of the
volume of interest and low-level of distortion in the magnetic field. The RF coils
generate the gradients along three different directions, orthogonal to each other. In
brain imaging, extra coils, to be put around the subject’s head, can be used to more
accurately define the volume of interest (Gruetter, 1993).

1.2.3. fMRI basis
The major breakthrough for the application of MRI to the study of brain
function was achieved in the early 1990’s by Ogawa and colleagues, with the
discovery of the blood oxygenation level-dependent (BOLD) contrast (Ogawa et al.,
1990).
This technique, sensitive to local fluctuations in the metabolic and vascular
properties of living tissues, allowed for the noninvasive monitoring of human brain
function with unprecedented spatial resolution (Amaro and Barker, 2006;
Logothetis, 2008). The BOLD effect is the signal change observed due to the
change in blood oxygenation in response to localised neuronal activity (Logothetis,
2002; Scholvinck et al., 2010; Goense et al., 2012). The timescale of the BOLD
response is on the order of seconds after the neuronal activation, which results in a
low functional temporal resolution.
BOLD contrast relies on the use of hemoglobin (Hb) as an endogenous
contrast agent. Hb is the protein, characterized by the presence of an iron
molecule, responsible of carrying oxygen in the red blood cells. Depending on its
level of oxygen saturation, Hb presents different magnetic properties, in particular,
diamagnetic and paramagnetic, when Hb is oxygenated and deoxygenated
respectively. Commonly speaking, diamagnetic materials weakly interact with a
magnetic field, while paramagnetic substances typically induce distortion in the
surrounding magnetic field. When neurons are activated their demand of oxygen
increases, thus Hb releases oxygen more easily and changes its state from
18
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oxygenated to deoxygenated, and, subsequently, also its magnetic susceptibility.
The high-level of deoxy-hemoglobin induces a distortion in the magnetic field
inside the MR scanner. This distortion can be detected and interpreted has a
measure of the neuronal activity in a certain brain area (De Munck et al., 2007; Rosa
et al., 2010; Buxton, 2012). In detail, the distortion of the magnetic field leads to a
change of the relaxation time constant 𝑇!∗ in the activated areas, and, therefore, to a
difference of the signal intensity in the collected images (Ogawa et al. 1990;
Logothetis et al., 2001).
It has also been shown that the BOLD response appears with a certain delay,
a few seconds, after the neuronal activation (Logothetis et al., 2001). In fact,
changes in blood flow, provoked by the growing metabolic request of the activated
neuronal populations, occur over a much slower timescale (hundreds of milliseconds
to seconds) than changes in electrophysiological activity (milliseconds or tens of
milliseconds) (Logothetis, 2008).

1.3.

Integration of EEG-fMRI

EEG enables the investigation of the electric potential fluctuations
associated with neuronal population activations with a high-temporal resolution, in
the order of milliseconds, providing a direct measurement of the brain
electrophysiological activity (Scheeringa et al., 2011; Palva and Palva, 2012). In
contrast, BOLD signal provides a tremendous spatial resolution for functional
localization, though temporal resolution is limited to a few seconds, or up to
hundreds of millisecond with recent approaches. Despite the nature of the BOLD
signal is still poorly understood, it is clear that it does not reflect directly reflect the
neuronal activity, but it is more expression of complex hemodynamic and metabolic
mechanisms (Leopold et al., 2003; Logothetis, 2008).
Due to the complementarity of the two modalities, their combination is
highly desirable (Goldman et al. 2000; Babiloni et al., 2004; He et al., 2011; Mulert,
2013). Simultaneous EEG-fMRI has proved to be an extremely valuable tool for the
non-invasive study of human brain function (He and Liu, 2008; Jorge et al., 2014). Its
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first application enabled yet to promising localize the insurgence of epileptic
discharges (Ives et al., 1993; Gotman, 2008; Brodbeck et al., 2011; Gotman and
Pittau, 2011) in patients undergoing presurgical evaluation (Patel et al., 1999).
Subsequently, EEG-fMRI acquisitions were rapidly extended to study healthy brain
function (Debener et al., 2006; Mantini et al., 2007; Mantini et al., 2010; Murta et al.,
2015), yielding new insights into its underlying mechanisms. Due to their strong
static magnetic field and rapidly-varying gradients during image acquisition, MR
scanners impose a harsh environment for EEG recording, raising important issues
regarding both patient safety and data quality (Lemieux et al., 1997; Muri et al.,
1998; Dempsey et al., 2001; Mullinger et al., 2008; Laufs, 2012). The integration of
the two techniques presents adverse effects both in the EEG recordings, as induced
by the temporally-varying magnetic field gradients, and in the MR images, as
caused by the presence of the EEG system.
This encouraged a remarkable course of technological advancements in EEG
system design and acquisition protocols, oriented to limiting these unfavorable
settings, and to guarantee, at the same time, safe conditions for the subject
involved in an EEG-fMRI experimental protocol (Lemieux et al., 1997).

1.3.1. MR-compatible EEG instrumentation
EEG equipment has to be adapted for being used in a magnetic
environment and preventing harmful consequences for the participant. In fact, the
generation of electric currents along the EEG instrumentation, including wires,
electrodes and amplifier, as induced by the fast-switching MR sequences, might
pass through biological tissues and provoke uncomfortable heating, and eventual
burning, for the participant.
Accordingly, the EEG amplifier and equipment have been designed in order
to be able to work in the presence of the scanner magnetic field and prevent
deleterious influences of the MRI gradients. In particular, electrodes composition
should not include ferromagnetic material, while wires and amplifier should be
appropriately shielded.
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MR-compatible amplifiers operate with a large dynamic range to
accommodate the induced artefacts voltages without saturating (Mullinger et al.,
2011). Since the strongest contributions to the gradient artifact occurs at
frequencies above a few hundred Hz, low-pass filtering, with a typical cut-off
frequency of 250 Hz, is generally applied at the amplifier's inputs (Freyer et al.,
2009). This kind of filtering can strongly reduce the amount of the gradient artifact
without affecting the quality of EEG signals. EEG data are digitized and then
transmitted to a recording PC outside the scanner room via a fiber optical cable.
This cable carries, together with the actual EEG recordings, also the information on
the trigger pulses, at the onset of every MRI volume acquisition that synchronizes
the EEG recording hardware with the MR scanner (Mullinger et al., 2008). Typically,
additional channels can be acquired for monitoring other physiological parameters,
including electrocardiogram, by applying electrodes or on the chest, or on the
back, and, optionally, electrodes for electromyography. The scheme for a
representative EEG-fMRI acquisition setup is displayed in Figure 1.9.

Figure 1.9. Schematic of an EEG-fMRI acquisition system, including a) superconductive magnet, b) RF
coils, c) head-coil, d) recording computer for MR data, e) bed on which the subject lies during the
EEG-fMRI investigation, f) EEG cap or net, g) amplifier in which EEG channels and other physiological
signals during the experiment are collected, h) EEG recording computer to which data are sent from
the amplifier by means of a fiber optical cable, and i) ECG electrodes to record subject’s cardiac
activity. EEG and ECG electrodes, and amplifier are adapted to be MR-compatible.
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1.3.2. MRI Data quality
The presence of EEG materials, wires and electrodes, in the MR bore, can
cause MR image degradation because of magnetic susceptibility effects between
the head tissues and the EEG equipment (Dempsey et al., 2001), which cause local
signal drops and geometric distortion (Krakow et al., 2000), which result in a
decreased signal to noise ratio (Krakow et al., 2000). It has been found that these
mechanisms increase with the strength of the magnetic field (Debener et al. 2008;
Mullinger et al., 2008). However, several studies showed that modern EEG
configurations do not critically affect the quality of MR images, unless advanced
structural image-processing analysis should be carried on (Krakow et al., 2000;
Bonmassar et al., 2001; Mullinger et al., 2008; Klein et al., 2015). In Figure 1.10, a
representative structural MR image of a subject wearing an EEG net during a
simultaneous EEG-fMRI investigation is shown.

Figure 1.10. Example of a) subject wearing an EEG net and undergoing a concurrent EEG-fMRI
experiment. The electrodes of the EEG net are visible in the MR structural images acquired during the
investigation (b). The quality of the images is not affected by the presence of the EEG equipment.

Concerning functional imaging, the introduction of the EEG equipment does
not induce relevant issues. In fact, though signal loss is commonly reported, the
temporal SNR is preserved due to the concurrent reduction, with the overall signal,
of the physiological noise (Luo and Glover, 2012). In any case, the entity of image
distortion strongly relies on the specific EEG system features, which include number
and composition of the electrodes, scalp coverage and wiring configuration.
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1.3.3. EEG artifacts in MR environment
The correction of EEG data acquired during fMRI scanning has been, and is
still problematic. Great effort has been dedicated to the development of effective
techniques that could reduce the contribution of MR-related artifacts (Grouiller et
al., 2007; Mantini et al., 2007; Neuner et al., 2014; Jorge et al., 2015). In fact, the
interactions between the subject, the EEG components and the magnetic field
generate artifacts that hide and distort true brain activity. This compromises data
quality and would prevent any further analysis as the may result in spurious
correlation between EEG signals and fMRI time-courses.
As each artifact has a different origin, a clear understanding of its specific
nature is essential for developing tailored and effective approaches for its removal.
Distortions in the EEG signals (Freyer et al., 2009) can be induced by variations due
to movement-induced changes in position or orientation of EEG electrodes in
relation to the magnetic field. Recently, it has been studied the effect of the
position and shape of the cables used to connect the EEG cap and the amplifier. In
particular, adapting the cables configuration, by twisting them instead of keeping
them in a ribbon geometry (Jorge et al., 2015), reducing the wires length (Jorge et
al., 2015, Assecondi et al., 2016) and by firmly positioning them next to the subject
to avoiding unwanted movements (Chowdhury et al., 2015), showed to reduce the
artifactual contributions. Though, advanced post-processing techniques are still
highly required to achieve proper data quality. Undesirable electromagnetic
induction on the EEG connecting wires (Rothlübbers et al., 2015), which arises
from the changes in area of the conducting loops formed by the wires, can be
caused by magnetic field changes due to gradient switching during fMRI
acquisitions, i.e. gradient artifact, subject’s movement, and system vibration or
even more complex interactions between patient physiology and magnetic field,
such as the ones leading to the ballistocardiographic (BCG) artifact. In the
following paragraphs, imaging and BCG artifacts, the most prominent artifacts in
the EEG recordings, are presented in detail.
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1.3.3.1. Gradient artifact
The gradient artifact is caused by the switching of the magnetic field
gradients used for spatial encoding during fMRI data acquisition (Allen et al., 2000;
Yan et al., 2009). The changing magnetic fields induce a potential difference in the
EEG cables that appears in the measurement as large oscillations, many orders of
magnitude larger than the neuronal signals (Allen et al. 2000; Ryali et al., 2009;
Gotman et al., 2008; Sun et al., 2009), as shown in Figure 1.11.

Figure 1.11. Illustrative example of 10 s of EEG data collected during simultaneous EEG-fMRI. In raw
EEG signals, the gradient artifact completely covers the neuronal signal.

The relative polarity and amplitude of the artifact varies across EEG
channels, as it depends on the orientation of the applied gradient, which occur in
three distinct directions, but the timing of the rising and falling edges is well
characterized and it is the same across channels. This inherent periodicity and
consistency allows to efficiently remove the gradient artifact, by means of the
Average Artifact Subtraction (AAS) method (Allen et al., 2000). This is based on the
subtraction from the corrupted EEG signals of a template built upon the MRIinduced artifact occurrences. The method relies on the assumption that across a
certain number of successive occurrences the artifact is relatively stable and that the
waveform of the artifact does not vary consistently across trials (Allen et al., 2000;
Sun et al., 2009). Consequently, by increasing the number of epochs to be included,
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the resulting template would be more accurate, but less sensitive in capturing
temporal variations of the artifact.
Also, accurate synchronization of the artifact correction algorithm with the
MRI volumes acquisition plays a key role for getting high quality EEG signals after
artifact reduction (Allen et al., 2000; Goldman et al., 2000). In fact, an accurate
alignment of the artifactual occurrences leads to a more reliable template.
Over the years, our understanding of the gradient artifact features has
increased. In fact, spatial features and mechanisms underlying its generation have
been extensively studied, physical models have been proposed (Yan et al, 2009),
and removal methods have been progressively improved. An optimized approach is
based on the combination of several templates, which are estimated by fitting
components modulated by slow drifts across imaging epochs and by head position
information (LeVan et al., 2016). It has been shown that by adjusting the subject's
axial position with respect to the gradient coils (Yan et al., 2009; Mullinger et al.,
2011) the entity of the artifact can decrease for both longitudinal and transverse
gradients. Notably, head movements also alter the shape of the gradient artifact, as
the magnetic field variations induced by gradient switching are position-dependent
(Jorge et al., 2015).

1.3.3.2 Ballistocardiographic artifact
The ballistocardiographic artifact (Figure 1.12) is induced by subject’s
cardiac activity (Allen et al., 1998; Muri et al. 1998; Bonmassar et al., 2002). The
artifact arises from slight electrode movement in the static magnetic field and can
be observed also in absence of fMRI scannings. The movement is due to the
combined effect of different mechanisms, including pulse-driven expansion, pulsedriven rotation, and Hall effect (Yan et al., 2010; Mullinger et al., 2013). Driven by
pulsatile blood flow, the scalp expands, especially in correspondence of major
blood vessels, and causes movement of the EEG leads through the magnetic field.
During the cardiac cycle the head rotates slightly, driven by alterations in the
momentum of the pulsatile blood flow in the cranial arteries (Bonmassar et al.,
2002). This head movement causes the EEG leads to move through the magnetic
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field of the MR scanner, resulting in induced voltage over the EEG wires (Masterton
et al., 2007). Since blood is an electrically conducting fluid flowing within a
magnetic field, the Hall effect induces a separation of charge that leads to a
variation of the voltage at the scalp surface. Although computational models helped
providing a better understanding of the artifact, it is still not clear the degree of
contribution of each of these effects (Yan et al., 2010; Mullinger et al., 2013).

Figure 1.12. Illustrative example of 10 s of EEG data collected during simultaneous EEG-fMRI. EEG
signals are gradient artifact corrected, though the BCG artifact compromises the reliable
characterization of the neuronal signal.

As the artifact is triggered by the heartbeat and follows heart pulsatility, the
BCG is continuously present in the EEG recordings. Despite displaying a relative
periodicity, its occurrence consistently varies between events, with its waveform
presenting a certain degree of unpredictability across channels.

The spatially

varying pattern of the BCG over time is expression of its complex nature, which
makes this artifact very problematic, and dramatically challenging to be removed. It
has also been shown that the amplitude of this artifact increases and the
morphology of artifactual occurrence varies with the strength of the static magnetic
field (Debener et al., 2008; Mullinger et al., 2008). The artifact can be minimized by
using a stabilizing head cushion around subject’s head, a bite bar to reduce the
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movement (Maziero et al. 2016), though with an increase of muscular related
artifacts, or an isolating silicon layer interleaved in the EEG cuff that enables the
separation of the ballistic effects from the other BCG artifactual sources (Chowdhury
et al., 2014). Though, the implementation of processing methods for its removal is
essential.
The AAS can be applied also for the removal of the BCG artifact. In this
case, the template is generated by averaging the epoched EEG data, which are
triggered by the cardiac occurrences as detected from the ECG signal (Allen et al.,
1998; Allen et al., 2000). More specifically, each epoch is defined as a time window
centered on the cardiac event, which is shifted in time of 210 ms, assumed as the
fixed delay between the cardiac event and its corresponding occurrence in the EEG
recordings, and having a length equal to the mean of the cardiac cycle duration for
the considered cardiac events. Also, the template length should be carefully
defined, as substantial subject’s heart rate variability, might introduce a large
mismatch with the actual artifact duration, which has been partially addressed by
implementing more refined strategies in the template generation, such as weighted
averages or median values. Though, AAS cannot still take into account of the large
variability of the BCG artifact waveform, thus its application leads to non-negligible
artifact residuals in the BCG corrected data.
An improvement in the removal of the BCG artifact has been achieved by
the Optimal Basis Set (OBS), a method in which the artifact template to be
subtracted is generated similarly to AAS, with the difference that also Principal
Component Analysis (PCA) is applied on the epoched EEG data (Niazy et al., 2005).
The PCA is a statistical procedure that uses an orthogonal transformation to convert
a set of observations of possibly correlated variables into a set of values of linearly
uncorrelated variables called principal components (Wold et al., 1987). The number
of principal components is equal to the number of original variables. This
transformation is defined in such a way that the first principal component presents
the largest possible variance, i.e. the highest content of information, while the other
components, orthogonal to the first one and between each other, have decreasing
variance. In the OBS, following the epoching of the EEG data based on the cardiac
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event, the average timecourse is calculated and removed from the epoched data
(Niazy et al., 2005), as for AAS. At this stage, PCA is performed to decompose the
remaining epoched data. By selecting a certain number of components, an optimal
basis set is defined and used to generate an artifact template which is able to better
capture, compared to the AAS, the large temporal variability of the BCG artifact
waveform across occurrences. Typically, 2 to 3 components are incorporated in the
generation of the template. Though, there is still not consensus on the precise
number of components to be used, resulting in sub-optimal removal of the BCG
artifact and high-risk of over-correction, which may imply also removal of genuine
neuronal activity. Also, the number of components is set to the same number across
all the channels, and across subjects, despite obvious differences in the contribution
of the BCG artifact over the scalp and across different subjects.
Another approach for the removal of the BCG artifact is based on the
application of independent component analysis (ICA) to the corrupted EEG data
(Srivastava et al., 2005; Nakamura et al., 2006; Mantini et al., 2007). ICA is a signal
processing technique that can be used to recover independent sources from a set
of simultaneously recorded signals that result from linear mixing of the source
signals (Comon, 1994; Hyvarinen and Oja, 1997; Hyvarinen and Oja, 2000). For the
BCG artifact removal, the application of the ICA is driven by the hypothesis that the
BCG artifact contribution is physiologically independent from the ongoing EEG
activity, as the generator of the artifactual activity comes from the cardiac pulsation
and not from a neurophysiological source. A strong advantage of ICA-based
removal methods is that ICA does not make any assumptions on the shape of the
source signal, though it assumes that the sources are spatially stationary, which is
not completely fulfilled by the dynamic of the BCG artifact. The application of ICA
on the EEG data generates a number of components equal to the number of EEG
channels given in input. If the decomposition is successful, it should be possible to
identify statistically independent components associated or with neuronal activity or
with artifactual contribution. The selection of the components represents a
challenging task and is still matter of debate (Vanderperren et al., 2010; Abreu et
al., 2016). An experienced operator can visually identify artifactual components, by
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looking at the timecourse, frequency spectrum, and topography associated with the
given components. Though, this procedure is very time-consuming for the
investigator, especially for high-density datasets, as the number of components to
be checked increases with the number of channels. It is also prone to error, due to
erroneous component classification.
Although several approaches have been proposed for its removal (AAS,
OBS, and ICA), none of them seems to be completely accurate and lead to optimal
results, as indicated by the considerable presence of BCG residuals in the corrected
data.

1.4.

Objective of the thesis

The work presented in this thesis is aimed at the development of a
technological

platform

for

simultaneous

EEG-fMRI

data

integration.

More

specifically, special attention has been dedicated to specific aspects that can
improve EEG data quality. Artifacts contamination of EEG recordings and inaccurate
brain source reconstruction can compromise a reliable coupling between
hemodynamic and electrophysiological measurements. Accordingly, addressing
these issues represents a crucial step for optimal integration of EEG and fMRI for
mining brain dynamics. With this goal in mind, novel methods for the removal of
BCG-related distortions in EEG data and the localization of EEG electrode positions
from structural MR images are proposed.
In Chapter 1, we have provided a theoretical overview of the biophysical
principles underlying the EEG signal, and have given an introduction about the
components of an experimental EEG setup. Following, the basis of magnetic
resonance imaging have been presented, with special focus on the physical
properties exploited for imaging the brain and on MR instrumentation. The final
part of this chapter has been dedicated to the description of important aspects to
consider when integrating EEG and fMRI, including advantages and drawbacks.
Then, a detailed description of the MR-related EEG artifacts has been provided,
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including characterization and possible approaches for their removal, especially for
the BCG artifact.
As no study has so far been conducted to test whether the hypotheses made
by the BCG artifact removal algorithms effectively hold, in Chapter 2, the BCG
artifact is characterized by identifying its dependency with cardiac activity and
analyzing its spatial-temporal properties, including delay variability between cardiac
events and corresponding BCG occurrences in the EEG recordings and topography
dynamics.
The findings of this study inspired the development of a novel method for
the removal of the BCG artifact, which is described in Chapter 3. More specifically,
the proposed method is based on an adaptive optimal basis set (aOBS) approach,
which tackles the limitations of the currently available BCG removal methods. The
aOBS method relies on the generation of an artifact template that models the BCG
artifact variations on a channel-by-channel basis with epoch-by-epoch specificity.
Furthermore, information on delay variability is considered by performing the
detection of the cardiac events directly from the BCG occurrences in the EEG data.
In Chapter 4, an automated method for the detection and labeling of EEG
electrodes from MR images is described. This method can favorably influence the
generation of the head conduction modeling. In fact, the direct localization of EEG
sensors from MR images is potentially the most reliable approach for accurately
correlating EEG information with anatomical structures in the brain, since electrodes
position and head geometry are extracted from the same MR image. Indeed, this
approach prevents from any co-registration errors, which, instead affects any other
existing methods for EEG electrodes spatial localization.
Chapter 5 summarizes the main findings and limitations of this work, and
gives an outlook on the impact of the developed tools for future simultaneous EEGfMRI research.
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2. Heart-brain interactions in the MR environment:

Characterization of the ballistocardiogram in EEG
signals collected during simultaneous fMRI
The ballistocardiographic (BCG) artifact is linked to cardiac activity and

occurs in electroencephalographic (EEG) recordings acquired inside the magnetic
resonance (MR) environment. Its variability in terms of amplitude, waveform shape
and spatial distribution over subject’s scalp makes its attenuation a challenging task.
In this study, we aimed to provide a detailed characterization of the BCG
properties, including its temporal dependency on cardiac events and its spatiotemporal dynamics. To this end, we used high-density EEG data acquired during
simultaneous functional MR imaging in six healthy volunteers. First, we investigated
the relationship between cardiac activity and BCG occurrences in the EEG
recordings. We observed large variability in the delay between ECG and
subsequent BCG events (ECG-BCG delay) across subjects and non-negligible
epoch-by-epoch variations at the single subject level. Also, we found positive
correlations between heart rate variability and ECG-BCG delay. The inspection of
spatial-temporal variations revealed a prominent non-stationarity of the BCG signal.
We identified five main BCG waves, which were common across subjects. Principal
component analysis revealed two spatially distinct patterns to explain most of the
variance (85% in total). These components are possibly related to head rotation and
pulse-driven scalp expansion, respectively. Our results may inspire the development
of novel, more effective methods for the removal of the BCG, capable of isolating
and attenuating artifact occurrences while preserving true neuronal activity.
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2.1.

Introduction

The

simultaneous

acquisition

of

electroencephalography

(EEG)

and

functional magnetic resonance imaging (fMRI) data enables the investigation of
human brain function with high spatio-temporal resolution (Mantini et al., 2010).
Simultaneous EEG-fMRI is nowadays widely used, particularly for the non-invasive
identification of epileptic foci (Grouiller et al., 2016) and for the mapping of
neuronal oscillations during sleep (McAvoy et al., 2017), rest (Mantini et al., 2007) or
active task performance (Debener et al., 2005). However, the use of simultaneous
EEG-fMRI remains technically challenging, especially due to the presence of fMRIrelated artifacts in the EEG data (Neuner et al., 2014). These artifacts originate from
the interactions between the subject, the EEG system and the magnetic MR
environment. The two major artifacts that corrupt the EEG recordings are: the
gradient artifact, which is caused by the time-varying magnetic field gradients
applied

during

the

fMRI

acquisition

(Debener

et

al.,

2008);

and

the

ballistocardiographic (BCG) artifact, which is associated with the cardiac activity of
the subject (Allen et al., 1998).
Whereas the gradient artifact can be easily removed due to its periodicity
and stability across time, the BCG artifact does not show such consistency. This
poses important challenges for its attenuation from EEG data collected during fMRI
scanning (Debener et al., 2007; Mullinger et al., 2013). Several studies were
conducted to clarify the physical mechanisms at the basis of the BCG (Yan et al.,
2010; Mullinger et al., 2013). They revealed that the BCG mainly arises from slight
movements of the EEG electrodes and the wires in the static magnetic field,
following each heartbeat, that produce an electromotive force that adds up to the
EEG signals. In particular, voltage variations on the scalp are generated by the
contribution of three main effects: 1) pulse-driven expansion of the scalp, i.e. the
local motion associated with the pulsatile expansion of scalp vessels on adjacent
electrodes (Bonmassar et al. 2002; Yan et al., 2010; Mullinger et al., 2013); 2) pulsedriven rotation of the head, i.e. and the motion derived from quick arrival and
shunting of the blood into the head arteries (Yan et al., 2010); and 3) the pulsatile
flow of blood that, as an electrically conducting fluid, in a magnetic environment,
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produces a separation of charges via Hall effect that induces the potential variations
at the scalp surface (Müri et al., 1998). A number of studies suggested that the key
factor contributing to the BCG is the pulse-driven head rotation (Nakamura et al.,
2006; Debener et al., 2008), as compared to pulse-driven expansion of the scalp
and the Hall effect related to blood flow in the head. Debener et al. (2009) used a
spherical phantom to examine the topographies associated with nodding rotation
and electrode expansion, respectively. They found the spatial pattern of the
expansion to be spatially homogeneous, whereas the nodding rotation produced
polarity changes over time between left and right hemispheres. In another study,
Yan et al. (2010) implemented a numerical model to reproduce the topographic
maps associated with the nodding rotation, which explained the changes in polarity
reported in the phantom-based study of Debener et al. (2009). Despite the spatial
patterns of the BCG artifactual components were extensively investigated (Yan et
al., 2010; Debener et al., 2009; Mullinger et al., 2013), all the studies so far have
used low-density EEG systems. In contrast with low-density EEG, high-density EEG
is characterized by wider head coverage, which results in massive BCG artifact
contributions over inferior-lateral channels (Iannotti et al., 2015). Notably, a detailed
characterization of BCG spatio-temporal dynamics has never been conducted for
high-density EEG systems.
Several methods have been developed in the last years for BCG artifact
removal, such as the adaptive average subtraction (AAS) (Allen et al., 1998), optimal
basis set (OBS) (Niazy et al., 2005) and independent component analysis (ICA)
(Mantini et al., 2007; Srivastavna et al., 2007). Each of these methods relies on
specific assumptions about BCG features, which need to be fulfilled for an effective
artifact removal. Specifically, both AAS and OBS assume a fixed delay between the
BCG and the associated cardiac events (Allen et al., 1998; Niazy et al., 2005). Also,
ICA assumes the spatial stationarity of the sources (Krishnaswamy et al., 2016), such
that the EEG recordings can be expressed by an instantaneous linear mixture of
independent components. Experimental studies revealed that the BCG residuals
left in the EEG data by any of the aforementioned methods is not negligible (LeVan
et al., 2013). This suggests that the assumptions of BCG artifact removal methods
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may not be fully met (Debener et al. 2007; Iannotti et al., 2015). Several studies
tried to overcome the problem of BCG residuals by combining different artifact
removal methods, as for instance ICA and OBS (Debener et al., 2007; Vanderperren
et al., 2010). We argue, however, that the development of novel, more effective
methods for BCG artifact removal may benefit from a detailed characterization of
the artifact properties, which should be conducted not only using low-density but
also high-density EEG recordings.
In this study, we investigated the BCG artifact using high-density EEG
signals collected during simultaneous fMRI. First of all, we examined whether the
delay between BCG and cardiac events is fixed, or is alternatively variable and
dependent on the cardiac frequency. We then examined the spatio-temporal
variations of this artifact both at the subject level and at the group level, to test
whether the BCG sources can be considered spatially stationary. In particular, we
performed a quantification of the similarities of spatial maps, within and across
subjects. Finally, we isolated the spatial patterns of the BCG components that are
reliably present in high-density EEG data. The findings of this study provided novel
insights into the BCG artifact properties. This was particularly important for
identifying possible limitations of currently used BCG artifact removal methods and
for inspiring the development of novel methods that overcome such limitations.

2.2.

Materials and Methods

2.2.1. Data acquisition
Six right-handed healthy subjects (age 26.7±6.2 years, 4 males and 2
females) participated in the experiment. All participants reported normal or
corrected-to-normal vision, and had no psychiatric or neurological history. Before
undergoing the examination, they gave their written informed consent to the
experimental procedures, which were approved by the local Institutional Ethics
Committee of UZ Leuven.
Each subject underwent a 10-minutes resting-state session, during which
EEG and fMRI data were concurrently recorded. fMRI imaging was performed for 10
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minutes in a 3T Philips Achieva MR scanner (Philips Medical Systems, Best, the
Netherlands) using a T2*-weighted SENSE sequence. The scanning parameters
were TR = 2000 ms, TE = 30 ms, 36 slices, 80 × 80 matrix, voxel size 2.75 × 2.75 ×
3.75 mm3, flip angle = 90 degrees. EEG data were acquired with a MR-compatible
256-channel HydroCel Geodesic Sensor Net (EGI, Eugene, Oregon, USA), that
includes a large number of Ag/AgCl electrodes on lower temporal areas and
cheeks. Electrodes impedance were kept below 50 kΩ across the full recording. An
elastic bandage was also placed above the EEG net to maintain the contact of
electrodes on the scalp. EEG signals were acquired at 1 kHz sampling frequency
using the vertex (Cz) electrode as physical reference. Using the EEG amplifier, we
also acquired the electrocardiogram (ECG) signal with two MR-compatible
electrodes positioned on the chest, in correspondence to the apical part and to left
side of the heart.

2.2.2. Data preprocessing
EEG data were processed by using built-in MATLAB (MathWorks, Natick, US)
functions and the EEGLAB toolbox (https://sccn.ucsd.edu/eeglab/) (Delorme and
Makeig, 2004). First of all, the gradient artifact in the EEG and ECG data was
attenuated by using the fMRI artifact template removal (FASTR) method
implemented in EEGLAB (Niazy et al., 2005). The EEG signals were then digitally
filtered in the frequency band [1-70 Hz]. They were re-referenced in average
reference (Liu et al., 2015), which allowed the reconstruction of the EEG signal at
the Cz location. The re-referenced EEG data were finally processed for
characterizing the BCG artifact and identifying its relation with the subject’s cardiac
activity, as detected from the ECG signal. Head motion was quantified using fMRI
data by using SPM12 (http://www.fil.ion.ucl.ac.uk/spm/software/spm12/). Based on
head motion parameters obtained with SPM12, the framewise displacement (FD)
measure was obtained (Power et al., 2012), for translation along and rotation around
the x-, y- and z-axes, respectively.
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2.2.3. Identification of ECG and BCG peaks
The ECG signal was band-pass filtered using a Finite Impulse Response (FIR)
filter with a low and high cut-off frequencies of 5 and 20 Hz, respectively. The ECG
peaks were detected identifying local maxima spaced in time by at least 600 ms.
Following this automated detection, we manually corrected for false positives (less
than 1.5% of the total) and negatives (less than 1% of the total). The detection of
BCG peaks was performed using the EEG signal at the Cz location. The Cz
electrode is indeed the landmark electrode commonly used for a correct
positioning of the EEG net. This choice facilitated reliable across-subjects
comparisons. The EEG signal was filtered in the band [5-20 Hz], as for the ECG
signal. BCG peaks were defined as the points with maximum cross-correlation with
the average ECG signal. Since the BCG peaks were expected to follow the ECG
peaks by around 200 ms, the selection of the points with maximum cross-correlation
was restricted to the time window from 100 to 300 ms after the ECG peaks.

2.2.4. Characterization of BCG artifact
We examined the variability of the delay between ECG and BCG peaks, and
their relation with heart rate variability (HRV). In particular, we evaluated the linear
relationship between the duration of each cardiac period and the associated ECGBCG delay, both at the single subject and group level. For each subject,
correlations between ECG-BCG delay and HRV were calculated on 559 beats, which
was the minimum number of cardiac events identified across subjects.
We then examined the spatial stationarity of the BCG artifact, by calculating
average EEG signals at the individual level, and using the ECG events as triggers, as
done in previous studies (Debener et al. 2008; Mullinger et al., 2013). We identified
and isolated in each subject corresponding BCG waves based on the root mean
square (RMS) across channels. The scalp maps corresponding to the selected BCG
waves were compared within and across subjects by using the Pearson correlation,
to test for spatial stationarity of the BCG sources. In the case of stationarity, the
correlations between different time instants for the same subject were expected to
be larger than those between corresponding time instants for different subjects.
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After identifying and isolating in each subject corresponding BCG waves, we
also run PCA on concatenated data to examine the most prominent contributions to
all BCG waves. Only principal components (PCs) with associated variance above 10
% were retained for analysis. For each selected PC, we plotted the associated
topographic map to examine the spatial distribution across EEG channels.

2.3.

Results

Gradient artifact removal was successfully performed in each EEG dataset
(for an example, see Figure 2.1).

Figure 2.1. Representative EEG trace before and after the gradient artifact correction. The removal of
the gradient artifact from the EEG signal permitted to identify BCG events.

We identified ECG and BCG peaks, and extracted ECG-BCG delay and
cardiac cycle duration accordingly (Figure 2.2).
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Figure 2.2. Detection of ECG and BCG events. Representative traces displaying the timing relationship
(ECG-BCG delay) between the R-peak from the ECG signal (ECG event) and the main peak of the BCG
occurrence (BCG event) from the EEG recordings acquired inside the MR scanner. The interval
between two consecutive cardiac occurrences is defined as RR.

We could not obtain a reliable detection of the BCG events in one subject
(S6), which was excluded from the current analysis. First, we analyzed HRV using the
BCG peak information, and observed normal, physiological variability within and
across subjects (Figure 2.3a,b and Table 2.1), with average values ranging between
840 and 1085 ms. Also the ECG-BCG delay showed a variability that was
qualitatively similar to the HRV (Figure 2.3c,d). This figure was not only variable
within each subject, but even more across subjects (Table 2.1).
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Figure 2.3. Heart Rate Variability (HRV) and ECG-BCG delay variability. a) The HRV is estimated by
considering the sequence of RR intervals, i.e. time intervals between each ECG-peak and its
consecutive, and b) the distribution of the RR intervals is calculated. c) The delays between each
cardiac event and its corresponding BCG event are extracted and its distribution is calculated. d) The
relationship between RR intervals and ECG-BCG delays are shown by means of a scatter plot.

Specifically, average values ranged between 158 ms and 261 ms. The
correlation between HRV and ECG-BCG peaks delay was positive but not always
strong at the subject level (Table 2.1).

Table 2.1. Descriptive statistics for RR intervals and ECG-BCG delays in individual subjects. The
relationship between the two parameters was assessed by means of Pearson’s correlation on an equal
number of points for all the subjects. Correlation was calculated also across subjects (equal to 0.49,
p<0.0001).
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Conversely, we obtained a moderate positive correlation, which was equal
to 0.49 (p<0.0001), when we used concatenated data across subjects (Figure 2.4).

Figure 2.4. Relationship between RR intervals and ECG-BCG delay. The scatter plot shows a
dependency between HRV and the ECG-BCG delay variability across subjects.

After studying the variability in the ECG-BCG delay and its relationship with
HRV, we focused on the spatio-temporal characteristics of the BCG. We calculated
averaged BCG signal using ECG peaks as events, also to allow comparisons with
previous studies involving low-density EEG (Debener et al., 2008), and identify the
characteristic pattern of the BCG artifact in high-density EEG. An analysis of the
RMS across channels confirmed the complex nature of the BCG artifact, revealing 5
major peaks that were present in all subjects at similar latencies (Figures 2.5 and
Figure 2.6).
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Figure 2.5. Selection of main BCG waves in individual datasets. a) EEG data were epoched by using
the ECG events as triggers to produce a butterfly plot; b) RMS across channels was computed to
identify five main peaks (marked in the figure).

The non-stationarity of the BCG sources was indicated by the fact that the
scalp maps for different time instants in the same subject (in particular, see Figure
2.6) had lower correlation ( 𝑟 =0.202; range [0.053-0.510]) than those of
corresponding time instants for different subjects (𝑟=0.566; range [0.431-0.741]).
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Figure 2.6. Subject-level spatial maps for each of the five main BCG peaks. Topographic maps were
extracted for each subject in correspondence to five different major peaks identified from the RMS
plot.

By averaging the topographic maps of all the subjects, we retrieved
characteristic scalp activity profiles at each major peak (Figure 2.7). In particular, we
found that the BCG artifact was initially localized in the left side of the head at the
first peak instant, and it progressively spreads out towards the right side.
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Figure 2.7. Group-level spatial maps for each of the five main BCG peaks. Topographic maps were
extracted for each subject in correspondence to five different major peaks identified from the RMS
plot. They were then normalized to z-scores and averaged across subjects.

The application of the PCA enabled the identification of two main
components, with associated variance equal to 76.69% and 12.71%, respectively
(Figure 2.8). The first component was stronger on the left side of the scalp, whereas
the second component was more diffused and bilateral. These two components had
a spatial pattern very similar to the ones at the first and second peak instants,
respectively, suggesting that the major effects of the BCG artifact occurrences were
largely independent and concentrated at earliest latencies.
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Figure 2.8. Spatial maps of the two main BCG components. The first (left) and second PCs (right) had
76.69% and 12.71 % explained variance, respectively. Their topographic maps are shown in z-scores
for visualization purposes.

2.4.

Discussion

By using high-density EEG data, we have investigated the BCG artifact and
provided new insights concerning its relationship with cardiac activity and its spatiotemporal properties. Our analysis showed that BCG artifact occurrences follow each
cardiac event with a variable delay (Figure 2.3 and Table 2.1). Furthermore, the
ECG-BCG delay variability has a moderate positive correlation with HRV, i.e. when
the cardiac frequency decreased the BCG artifact appeared on the EEG recordings
with a smaller delay with respect to the cardiac event (Figure 2.3-2.4 and Table 2.1).
Secondly, our analyses provided corroborating evidence for the non-stationarity of
the BCG artifact (Figure 2.7). Specifically, we analyzed the spatio-temporal pattern
of the BCG artifact in high-density EEG data, and we quantified its variability within
and across subjects. In particular, we found two main components to be present in
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the BCG, with a specific spatial distribution and varying intensity across time
(Figures 2.8).

2.4.1. Variable delay between ECG and BCG peaks
Our study provided strong evidence for a variable delay between ECG and
BCG peaks (Figure 2.3), with differences being more pronounced across than within
subjects. This variable delay is in line with recent findings from BCG artifact removal
studies suggesting that accounting for a variable delay may enable a more effective
artifact attenuation (Oh et al., 2014; Iannotti et al., 2015). It should be considered
that our investigation on the delays between ECG and BCG peaks was conducted
using the ECG signal and just one representative EEG signals, i.e. the one at Cz
electrode. Indeed, some EEG channels do not show a clear BCG peak, which affects
the reliability of peak detection. In contrast with Iannotti et al. (2015), we did not
consider a BCG signal reconstructed from lateral electrodes. In fact, the entity of the
BCG artifact in the lateral electrodes, in terms of amplitude and waveform, vary
depending on the orientation with respect to the magnetic field (Debener et al.,
2008), thus the features of the BCG artifact would change also depending on the
different size and shape of the head of each subject. More importantly, we chose to
use the EEG signal from the Cz electrode since the position of this channel
corresponds to the head vertex, and is therefore standardized across subjects. This
ensures that the differences observed across subjects are true differences, and do
not depend on the different positioning of the EEG net. For the first time, our study
showed a relationship between HRV and the ECG-BCG delay (Figures 2.3-2.4 and
Table 2.1). This means that an increase in the duration of the cardiac cycle, i.e.
decreased cardiac frequency, entails an increase in the ECG-BCG delay. A larger
dataset would be desirable to provide stronger evidence for this heart-brain
interaction effect and to investigate whether the link between HRV and ECG-BCG
delay is modulated by changes in the experimental condition, for example during
task performance as compared to a resting state conditions. Also, further research
into the underlying physiological mechanisms of the ECG-BCG delay is warranted.
Interestingly, our analyses revealed that the latency variability of the BCG
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artifact occurrences was largely inconsistent across subjects (Oh et al., 2014; Iannotti
et al., 2015). Accordingly, the use of a fixed delay between ECG and BCG peaks in
BCG removal algorithm such as AAS (Allen et al., 1998) and OBS (Niazy et al.,
2005), which is typically set to 210 ms, can be hardly justified. Furthermore, the
intra-subject variability of the delay is a consistent feature of the BCG, and it should
be taken into account for optimizing the removal of this artifact from EEG data. An
accurate alignment of BCG epochs may indeed lead to improved performance
when using AAS and OBS.

2.4.2. Spatio-temporal analysis of the BCG
In order to study the spatio-temporal characteristics of the BCG, we
calculated averaged EEG signals using ECG peaks as events. One may argue that
this is not fully in line with the observation that the BCG peaks have variable delay
with respect to ECG peaks. Our choice was primarily due to the fact that the same
approach was used as in previous BCG studies (Debener et al. 2008; Mullinger et
al., 2013). In line with previous studies (Nakamura et al., 2006; Debener et al.,
2008), we found the BCG to have a very heterogeneous spatial distribution over
time, suggesting that the artifact is non-stationary (Figures 2.5-2.7). This means that
the use of BCG artifact removal methods that assume the stationarity of the sources,
such as ICA (Comon, 1994), may not lead to optimal results.
Despite the complex spatio-temporal properties of the BCG, we were able
to identify five main BCG waves, which were spatially consistent across subjects
(Figure 2.6). To this end, we used the RMS plot (Figure 2.5), which was already
employed in previous studies based on low-density EEG recordings (Debener et al.,
2008; Debener et al., 2009; Mullinger et al., 2013). Our analyses, which were
conducted on high-density EEG data, confirmed that the propagation of the BCG
signal over the scalp involves changes in polarity over time. This effect was found to
be consistent across subjects. Early BCG peaks were mainly present over the left
frontal part of the scalp (Debener et al. 2009), whereas later BCG peaks were mainly
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present over the right frontal regions (Debener et al. 2009, Mullinger et al., 2013),
before spreading again back on the right side of the scalp (Figure 2.7) (Debener et
al. 2009). The scalp regions mostly affected by the artifactual contribution appeared
to be the inferior-lateral, as previously shown by Iannotti et al. (2015), but also the
occipital ones (Figure 2.7). A strong BCG in inferior-lateral regions is consistent with
the presence of major blood vessels (Bonmassar et al., 2002; Masterton et al., 2007)
and with the specific orientation of the electrodes with respect to the static
magnetic field (Yan et al., 2010). A possible reason for a relatively strong BCG in the
occipital part of the EEG montage is the adherence of the recording EEG
electrodes on the subject’s head in the MR scanner. Previous studies suggested that
the BCG may result from two distinct originating mechanisms, head rotation and
pulse-driven expansion, respectively (Debener et al., 2009; Yan et al., 2010;
Mullinger et al., 2013). In line with this literature, we experimentally found two main
BCG components that are consistent across subjects (Figure 2.8). Based on the
spatial distribution of these components, we argue that the first component (77%
variance), which was localized over the left frontal region (Debener et al., 2009), may
be associated with head rotation (Mullinger et al., 2013), whereas the spatial
distribution of the second component (13% variance), characterized by a more
widespread spatial pattern encompassing both sides of the scalp, may be
compatible with pulse-driven scalp expansion. Future studies are warranted to verify
the correctness of the suggested associations. To this end, a possible approach may
be the use of a phantom on which the EEG net is applied, as previously done in
Debener et al. (2009). With such a phantom-based simulation, distinct spatial maps
could be obtained for head nodding and scalp expansion, respectively. It should be
considered that the application of an elastic bandage around subject’s head might
have helped to reduce the effect of scalp expansion on the EEG net. Our results
concerning FD (Table 2.2), as measured using fMRI data (Power et al., 2012), do not
provide conclusive evidence for the prevalence of head nodding. Indeed, we found
that translational and rotational FD values had overall limited entity (Table 2.2).
Though, due to the low temporal sampling provided by fMRI data, it is difficult
speculate on the actual movement of the subject’s head. To this end, the
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integration of optical-motion tracking devices (LeVan et al., 2013) may provide the
adequate temporal scale for detecting changes in position and, potentially, for
corroborating our findings.

Table 2.2. Framewise displacement (FD) evaluated for translation along and rotation around the x-, y-,
and z-axes, respectively. FD was derived from the realignment parameters of fMRI volumes, which
were acquired simultaneously with EEG. Average FD values are shown for individual subjects.

2.5.

Conclusion

In this study we performed a detailed analysis of high-density EEG signals
collected in subjects at rest during simultaneous fMRI, with the aim of deeper
understanding of the BCG spatial-temporal features. Specifically, we showed for the
first time a relationship between HRV and variability in the delay between ECG and
BCG events. We implemented an effective approach for quantifying the nonstationarity of the BCG artifact sources, which was previously based on qualitative
observations. We also proposed a procedure for isolating the major BCG artifact
contributions shared across subjects based on the topographic maps associated
with the BCG dynamics. This allowed the identification of two patterns that primarily
contribute to the BCG, which have specific spatial and temporal features and can be
therefore associated with different physiological sources. We hope that the findings
presented in our study will inspire the development of more effective methods for
the removal of the BCG, capable of isolating and attenuating artifact occurrences
while preserving true neuronal activity.

Heart-brain interactions in the MR environment
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3. Adaptive optimal basis set for BCG artifact removal
in simultaneous EEG-fMRI

EEG signals recorded during simultaneous fMRI are contaminated by strong
artifacts. Among these, the ballistocardiographic (BCG) artifact is the most
challenging, due to its complex spatio-temporal dynamics associated with ongoing
cardiac activity. The presence of BCG residuals in EEG data may hide true, or
generate spurious, correlations between EEG and fMRI time-courses. In this study,
we propose an adaptive Optimal Basis Set (aOBS) method for BCG artifact removal.
Our method is adaptive, as it can estimate the delay between BCG occurrence and
cardiac activity on a beat-to-beat basis. This ensures the effective creation of an
optimal basis set by means of principal component analysis (PCA). Furthermore,
aOBS can directly estimate, without the need of any user-defined threshold, which
components produced by PCA are likely to be related to the BCG artifact and
therefore need to be removed. The performance of aOBS was evaluated with
respect to those of Average Artifact Subtraction (AAS), Independent Component
Analysis (ICA) and Optimal Basis Set (OBS), using high-density EEG data acquired
with simultaneous fMRI in 6 subjects during a visual stimulation paradigm. We found
that aOBS led to a remarkable BCG artifact attenuation as compared to AAS, ICA
and OBS. Also, it yielded the largest signal-to-noise ratio (SNR) value and the lowest
inter-trial variability in visually evoked responses. Since aOBS enables a reliable and
effective reduction of BCG residuals and does not require parameter tuning, we
suggest it may find wide application in simultaneous EEG-fMRI studies. Its use may
be particularly recommended when no EEG data averaging is possible, as for
instance in resting-state experiments.
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3.1.

Introduction

Multimodal integration of simultaneously collected electroencephalography
(EEG) and functional magnetic resonance imaging (fMRI) data represents a powerful
approach for shedding light on human brain function (Rosa et al., 2010; Laufs, 2008,
Laufs, 2012; Jorge et al. 2014). The strength of EEG-fMRI integration relies on the
possibility of assessing brain dynamics at different spatial-temporal scales (Laufs,
2008; Huster et al.; 2012, Mantini et al., 2010). Indeed, EEG records rapid changes
in potentials over the scalp with high temporal resolution (Pfurtscheller and Da Silva,
1999), and fMRI measures slow hemodynamic variations underlying neural activity
with high spatial accuracy and resolution (Fox and Raichle, 2007; Logothetis, 2008).
Typical examples demonstrating the potential advantages of simultaneous EEGfMRI are the mapping of neural oscillations during task (Zich et al., 2016; Debener
et a., 2005), rest (Mantini et al., 2007; Hlinka et al., 2010; Neuner et al., 2014), and
sleep (Horovitz et al. 2008; Tagliazucchi et al., 2012; McAvoy et al., 2017), as well as
the accurate localization of epileptic events (Grouiller et al., 2016; Pittau et al.,
2014).
Despite the clear advantages of EEG-fMRI integration, the combination of
the two techniques also raises important technical challenges (Benar et al., 2003;
Neuner et al., 2014; Jorge et al., 2015). More specifically, EEG signals recorded
during simultaneous fMRI scanning are contaminated by strong artifacts (Masterton
et al., 2007; Nierhaus et al., 2013; Jorge et al., 2015; Rothlubbers et al., 2015),
which complicate the characterization of the measured brain signals and should
therefore be removed before continuing with any further analysis. The two main
artifacts mixed in the EEG recordings the gradient artifact (Allen et al., 2000;
Debener et al. 2008; Yan et al., 2009), which is generated by the image acquisition
process, and the ballistocardiographic (BCG) artifact (Allen et al., 1998; Müri et al.,
1998), produced by micro-movements of the scalp due to blood pulsation.
Gradient-related artifact events can be removed in a relatively easy manner,
as they are highly reproducible. The adaptive artifact subtraction (AAS) algorithm
(Allen et al., 2000), calculated by averaging the signal from several scanning periods
in each EEG channel, usually yields acceptable artifact reduction. The attenuation of
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the BCG artifact, on the other side, still represents an open issue due to its complex
spatio-temporal properties (Debener et al., 2007; Mullinger et al., 2013). Several
concurrent mechanisms contribute to the BCG artifact (Mullinger et al., 2013), such
as pulse driven expansion of the scalp (Debener et al., 2008; Yan et al., 2010;
Mullinger et al., 2013), cardiac pulse driven rotation of the head inside the strong
static magnetic field (Bonmassar et al., 2002; Yan et al., 2010; Mullinger et al., 2013)
and the Hall effect of the pulsatile blood flow (Müri et al., 1998) that, as an
electrically conductive fluid, induces changes of the measured voltage on the scalp
surface.
As BCG artifact occurrences are approximately time-locked to cardiac
activity, AAS can be applied by averaging the EEG data epoched across successive
cardiac cycles (Allen et al., 1998). However, this method cannot take into account of
the large variability of the BCG artifact shape in any single EEG channel. To account
for this problem, an optimal basis set (OBS) approach was proposed as an extension
of AAS (Niazy et al., 2005). Specifically, principal component analysis (PCA) is
applied to EEG segments time-locked to the cardiac events, and the first
components are used for adaptive artifact removal (Niazy et al., 2005). An open
issue in the use of OBS is the selection of the number of principal components (PCs)
to be removed from the EEG data. The first 3 or 4 components are typically
removed when using OBS, but there is no consensus on whether this can yield
satisfactory results for all channels of the same dataset and for all datasets
(Vanderperren et al., 2010). Also, the performance of OBS is hampered by the fact
that events for data epoching are typically identified on a simultaneously recorded
ECG signal, assuming a fixed delay between the cardiac event and the artifactual
occurrence in the EEG recording. The variability between ECG and BCG events
(Marino et al., submitted; Iannotti et al. 2015; Oh et al., 2014) may therefore have
negative impact on the OBS performance.
Independent component analysis (ICA), a signal processing technique that
can recover independent components (ICs) that are linearly mixed in a set of
simultaneously recorded signals (Comon, 1994), has also been proposed for the
removal of the BCG artifact in multi-channel EEG data collected during fMRI
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scanning (Mantini et al., 2007; Debener et al., 2007). Following ICA, the
components associated with BCG activity are either manually or automatically
identified, or then subtracted with appropriate weights from the EEG data (Mantini
et al., 2007; Abreu et al., 2016; Chaumon et al., 2015). A first challenge in the use of
ICA is the definition of unanimous criteria for the selection of the artifactual
components (Vanderperren et al., 2010). Furthermore, ICA-based artifact removal
may be sub-optimal when some ICs still contain a mixture of neural activity and
artifacts (Abreu et al., 2016; Grouiller et al., 2007). This may happen when dealing
with BCG artifacts, which are characterized by varying spatial topography across
time (Debener et al., 2007; Debener et al., 2008; Vanderperren et al., 2007; Marino
et al., submitted). In this case, the basic ICA assumption of instantaneous mixture of
ICs is clearly not fulfilled, as the BCG events are not perfectly aligned in time. This
problem is present in any EEG dataset collected during fMRI scanning, but it can be
particularly appreciated when using high-density EEG montages, which have large
scalp coverage (Marino et al., submitted).
In this study, we propose an adaptive OBS (aOBS) method for BCG artifact
removal, which addresses the main limitations of the OBS method. Specifically,
aOBS epochs each EEG signal based on BCG rather than ECG events, to ensure a
more effective artifact characterization by PCA; moreover, it automatically identifies
the artifactual components to be removed from the data, based on signal features.
We conduct an extensive evaluation of the performance of aOBS with respect to
AAS, ICA and OBS, using high-density EEG data acquired during simultaneous
fMRI. Our analyses suggest that aOBS yields reduced BCG residuals while
preserving neural signals, and therefore leads to higher signal-to-noise ratio in the
EEG data. Accordingly, the application of aOBS may contribute to a reliable use of
simultaneous EEG-fMRI for neuroscientific investigations.
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3.2.

Materials and Methods

3.2.1. Method description
The aOBS method attenuates the BCG artifact from EEG recordings
acquired inside the MR scanner following two sequential steps: 1) Detection of BCG
occurrences (Fig. 3.1): ECG peaks are detected, and this information is
subsequently used to guide the identification of BCG peaks in gradient artifact
corrected EEG data; in alternative, BCG peaks can be directly extracted from the
same EEG data. 2) BCG artifact reconstruction and subtraction (Fig. 3.2): For each
channel, EEG data are epoched based on BCG peaks and then PCA is applied; PCs
are retained using a selection criterion based on the explained variance, which leads
to the construction of a BCG artifact basis. The BCG artifact is reconstructed epoch
by epoch by linear combination of the artifact basis, and is then subtracted from the
EEG data. The full procedure is explained in detail in the following paragraphs.

Figure 3.1. Flowchart of the method for detecting the BCG artifact occurrences in the EEG data
recorded simultaneously with fMRI. a) The ECG signal is processed to detect the cardiac events. b)
EEG data are given as input for PCA to generate a representative BCG signal, defined as the first
principal component. c.1) Information on cardiac occurrences obtained from a) is used to retrieve the
BCG occurrences, by aligning the cardiac events detected from the ECG signal in a) with the BCG
signal defined in b). c.2 ) BCG signal can be treated as an alternative ECG signal and be processed to
detect the cardiac events. The detection of cardiac occurrences based on EEG information can take
into account of the subject- and epoch-specific variability of the delay between cardiac events in the
ECG signal and EEG data.
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Figure 3.2. Flowchart of the method used for generating the BCG artifact template. The subtraction of
this template from gradient-corrected EEG data leads to clean EEG signals. a) Information on cardiac
occurrences, previously obtained (Fig. 1), is used to epoch the EEG data channel-by-channel; b)
Epoched single EEG channel is processed to generate an epoch-by-epoch artifact model; c) The
artifact model is combined with the original data for reconstructing the full BCG artifact timecourse.
The full procedure is iteratively performed for each channel.

3.2.1.1. Detection of BCG occurrences
The aOBS method requires the definition of BCG peak timing, to remove
the variability between ECG and BCG events. We therefore implemented a method
for robustly detecting BCG events. Two different options are available, the first of
which uses both ECG and EEG signals, whereas the second relies on the EEG
signals only. Following the first option, the ECG signal is filtered using a Finite
Impulse Response (FIR) filter in the band between 5 and 20 Hz. Then, the power of
the signal is calculated and band-pass filtered between 0.1 and 2 Hz. ECG peaks
are defined as local maxima in the band-pass filtered power time-series. This
enables to reduce the complexity of the data and, thus, enhance the chance of
correct peak detection. False positives (less than 0.2% of the total) and negatives
(less than 0.2% of the total) are detected and eliminated by using information on
the heart rate variability of the individual dataset. Next, the average EEG signal
triggered to the ECG peaks is calculated and used to detect the BCG peaks by
defining the latency of maximum cross-correlation with each EEG epoch. This allows
compensating the effect of positive and negative offsets that may rise from the
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detection of the peaks from the power of the signal and ensuring exact peaks
alignment. When using the second option for BCG peak detection, PCA
decomposition is run on the whole EEG dataset, and the procedure described for
processing the ECG signal is applied on the timecourse of the first PC. The BCG is
always very prominent in it, such that the same peak detection procedure described
above can be used to directly obtain the BCG event timing.

3.2.1.2. BCG artifact reconstruction and subtraction
The signal from a single EEG channel is epoched using the BCG events as
triggers, with the epoch length corresponding to the maximum duration between
consecutive BCG events. Following this step, epoched EEG data are correlated to
their average, such that good and bad epochs (e.g. epochs contaminated by eye
blinks) can be separated using the Tukey method (Tukey, 1977). PCA is run on the
good trials only, and the PCs to be retained are defined on the basis of the Scree
test (Cattell, 1966). The retained PCs are stacked together to form a basis set, which
is subsequently used to calculate weights for each epoch using linear regression.
These weights are then used in combination with the basis set to reconstruct the
BCG artifact time-course. The latter is finally subtracted from the BCG-corrupted
EEG signal to obtain a clean EEG signal.

3.2.2. Method validation
3.2.2.1. Subjects and experimental paradigm
Six right-handed healthy volunteers (age 25.5±1.64 years, 3 males and 3
females) participated in the experiment. All participants reported normal or
corrected-to-normal vision, and had no psychiatric or neurological history. Before
undergoing the examination, they gave their written informed consent to the
experimental procedures, which were approved by the Medical Ethics Committee
of UZ Leuven. During the experiment, the volunteers were presented visual stimuli
(30 s), alternated with periods of rest (30 s), for 6 minutes in total. Visual stimulation
was performed by a squared full contrast flashing checkerboard (2 Hz reversing
frequency) projected on a translucent screen, which was visible by the volunteer
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through a mirror. The visual stimuli had 7°-wide field of view, and were prepared
using the Psychtoolbox 3 (http://psychtoolbox.org/). A white fixation cross was kept
on the center of the screen to minimize eye movements. The exact timing of the
stimulus presentation was extracted by using a photoelectric cell.

3.2.2.2. EEG-fMRI data acquisition
fMRI data acquisition was performed a 3T Philips Achieva MR scanner
(Philips Medical Systems, Best, the Netherlands)) using a T2*-weighted SENSE
sequence. The scanning parameters were TR = 2000 ms, TE = 30 ms, 36 slices, 80 ×
80 matrix, voxel size 2.75 × 2.75 × 3.75 mm3, flip angle = 90 degrees. During the
recording, the helium pump of the magnet was switched off for the full duration of
the functional acquisition. EEG signals were recorded by the MR-compatible 256channel HydroCel Geodesic Sensor Net (GSN) (EGI, Eugene, Oregon, USA). The
impedance of each electrode was maintained lower than 50 kΩ across the full
recording by soaking the sponge contained in each electrode with a saline solution.
The contact of the EEG electrodes with the patient scalp was maintained by placing
an elastic bandage above the EEG net. The electrocardiographic (ECG) signal was
also acquired with two MR-compatible electrodes positioned on the chest, in
correspondence to the apical and the left side of the heart, respectively. The EEG
and ECG cables were connected to the EEG amplifier, which was contained in a
field isolation containment system (FICS) and positioned next to the MR bore. EEG
data were collected at a sampling rate of 1 KHz, and were synchronized to the MR
scanner internal clock. The acquired signals were sent via an optical cable to the
EEG recording computer outside the MR scanner room.

3.2.2.3. EEG data preprocessing
Processing of the EEG data was carried out using the EEGLAB toolbox
(https://sccn.ucsd.edu/eeglab/) (Delorme and Makeig, 2004), as well as built-in
functions of MATLAB (MathWorks, Natick, US). First of all, gradient artifact
attenuation was performed by using the fMRI artifact slice template removal
(FASTR) method implemented in EEGLAB (Niazy et al., 2005). Subsequently, EEG
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data were digitally filtered in the band [1-70 Hz] and re-referenced in average
reference (Liu et al., 2015). At this stage, different methods were applied for the
attenuation of the BCG artifacts. In addition to the aOBS method, we processed the
EEG data using standard implementations of commonly used BCG artifact removal
methods, including AAS (Allen et al., 1998), OBS (Niazy et al., 2005), and ICA
(Mantini et al., 2007). For AAS and OBS, we used the FMRIB plug-in of EEGLAB
(Niazy et al., 2005). ICA-based artifact removal was performed using the FastICA
algorithm (Hyvärinen, 1999). The ICs showing a maximum cross-correlation with the
ECG signal larger than 0.2 were regressed out of the EEG signals (Mantini et al.,
2009).

3.2.2.4. Assessment of method performance
We tested the performance of aOBS, AAS, ICA and OBS in terms of BCG
artifact attenuation. To this end, we considered two different metrics: 1) maximum
cross-correlation between EEG signals and ECG signal, and 2) BCG residual
intensity. The first metric was calculated using a procedure similar to the one for
selecting the BCG-related ICs previously described. BCG residual intensity was
quantified by calculating the root mean square (RMS) of the EEG data, epoched
over windows of 600 ms after the ECG peak and averaged. The percentage of BCG
residual intensity was defined as the ratio between RMS of EEG data after and
before BCG correction, respectively.
We also assessed neural signal preservation, as stronger reduction of the
BCG artifact may be associated with an overall signal reduction, including brain
signal. To this end, we reconstructed the evoked response associated with the
visual stimulation. We epoched the EEG data over windows of 400 ms starting 100
ms before each visual event. We calculated a signal-to-noise ratio (SNR) (Mantini et
al., 2010), which was defined as the ratio between the maximum RMS across
channels in the evoked response period (latency between 80 and 120 ms), and the
average RMS across channels in the pre-stimulus interval (from -100 to 0 ms). Then,
since the BCG residual contributions might be randomly spread over trials (Niazy et
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al., 2005), the better the artifact is removed, the smaller the single-trial variation
should be. Accordingly, we also calculated an inter-trial variability index, defined as
the ratio between the across-channel standard deviation after and before BCG
removal, respectively (Vanderperren et al., 2010).

3.3.

Results

Gradient-artifact correction was successfully performed on all datasets (Fig.
3.3a-b). Also, the quality of artifact-corrected ECG signals was sufficiently high for
the reliable detection of cardiac events (Fig. 3c).

Figure 3.3. Illustrative example of 10 s of EEG data collected during simultaneous EEG-fMRI for five
representative channels, a) before gradient artifact correction, i.e. raw data; and b) after gradient
artifact correction. In c) the ECG signal concurrently recorded is displayed.
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Based on these EEG and ECG data, we could therefore proceed with the
assessment of aOBS, our BCG artifact removal method, against AAS, ICA and OBS.
First, we assessed the performance of aOBS in terms of BCG artifact
attenuation. Inspection of the EEG data revealed clear BCG residuals for AAS, ICA
and OBS, but not for aOBS. This effect was visible both when inspecting the whole
signal time-courses (Fig. 3.4a) and average activity time-locked to the ECG events
(Fig. 3.4b).

Figure 3.4. Qualitative comparison between the EEG recordings before (Orig) and after BCG artifact
correction (AAS, ICA, OBS, aOBS) in a representative subject (S1). a) Illustrative example of 10 s signal
from a single EEG channel. Following the application of BCG removal methods, the amplitude of the
EEG signal strongly decreases, as the BCG artifact contribution is attenuated. b) EEG signals from all
recording channels were epoched in time-windows of 600 ms by using as triggers the cardiac events
detected from the ECG signal. By displaying the cardiac evoked activity, it is possible to observe the
overall cardiac contribution to the EEG data.

64

Chapter 3

When we conducted quantitative analyses on the BCG-corrected signals, we
could appreciate that BCG residuals strongly decreased when using aOBS, with
average values equal to 5.53% and relatively small variability across channels for the
same subject, as well as across subjects (Figs. 3.4 and 3.5a, and Table 3.1). In line
with qualitative analyses, other methods yielded larger BCG residuals. Specifically,
AAS, ICA and OBS had an average value of 12.51%, 20.63% and 9.20%,
respectively.

Table 3.1. Percentage of BCG residuals in the cleaned EEG data is estimated for all the subjects (S1,
S2, S3, S4, S5, S6) for which AAS, ICA, OBS, and aOBS methods were applied for removing the BCG
artifact from the EEG recordings. Average value and standard deviation are reported for each BCG
artifact removal method at the single-subject and at the group level.

Also the maximum value of the cross-correlation function was generally
lower for aOBS than other methods (Fig. 3.5b and Table 3.2). Specifically, the
average value across datasets was 0.180 before BCG artifact correction; after using
AAS, ICA, OBS and aOBS it decreased to 0.051, 0.067, 0.042 and 0.028,
respectively.
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Table 3.2. Cross-correlation between EEG channels and ECG signal estimated for all the subjects (S1,
S2, S3, S4, S5, S6), for the gradient-corrected data (Orig), and following the application of the BCG
artifact removal methods (AAS, ICA, OBS, and aOBS). Average value and standard deviation are
reported for each BCG artifact removal method at the single-subject and at the group level.
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Figure 3.5. Quantitative assessment of BCG artifact attenuation for all the subjects. Box plots are
provided for all the subjects (S1, S2, S3, S4, S5, S6) for which AAS, ICA, OBS, and aOBS methods were
applied for removing the BCG artifact from the EEG recordings. Comparison is performed by
examining: a) the percentage of BCG residuals in the cleaned EEG data. For each subject, aOBS
method outperforms all the other methods in terms of BCG artifact attenuation as shown by the
consistently lower percentage of residuals. b) the cross-correlation between EEG channels and ECG
signal.

In the assessment of aOBS performance, we also considered signal
preservation as an important feature. Accordingly, we calculated and evaluated
event-related potentials (ERPs) from BCG-corrected EEG data. A qualitative analysis
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revealed that both noise and signal intensities in the ERPs were generally lower for
aOBS than for other methods (Fig. 3.6). However, the spatial topography obtained
with aOBS was clearer and more in line with the activation of occipital regions
following visual stimulation, which was also evident from EEG data collected from
outside the scanner (Fig. 3.6). Furthermore, noise over frontal regions seemed to be
suppressed by aOBS, and only to a lesser extent by other methods.

Figure 3.6. VEPs obtained from gradient-artifact corrected (Orig) and also BCG-artifact corrected (AAS,
ICA, OBS and aOBS) data in a representative subject (S1). These VEP were compared with those
obtained from the same subject outside the scanner (Out). EEG signals were epoched using the visual
events as triggers, and baseline-corrected using the pre-stimulus interval. a) Average time-courses for
all recording EEG channels are presented on the left (Butterfly plot); b) Topographic maps, on the right
(Topography), refer to the spatial distribution across channels at the P100 latency, which commonly
corresponds to the strongest visual activation.
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In line with these qualitative observations, we also found that the average
SNR across subjects was the largest among BCG-correction methods, leading to an
improvement of 29.84%, with respect to the non-corrected data, against 16.60%,
22.18%, 17.14% for AAS, ICA and OBS, respectively (Fig. 3.7a and Table 3.3).

Table 3.3. SNR (expressed in dB) obtained from the VEPs reconstructed from gradient-artifact
corrected (Orig) and BCG artifact corrected (AAS, ICA, OBS and aOBS) data for all the subjects (S1, S2,
S3, S4, S5, and S6) at single subject and at group level. SNR is estimated as the ratio between the
maximum signal amplitude in the evoked response period, calculated as the maximum RMS value, and
the baseline noise, calculated as the average RMS in the pre-stimulus interval, in both cases calculated
across all the recording EEG channels.

For any of the 6 subjects, the inter-trial variability index of the ERPs was also
lower for aOBS as compared to the other approaches (Fig. 3.7b and Table 3.4),
suggesting a more reliable reconstruction of task-related brain activity.

Adaptive optimal basis set for BCG artifact removal

69

Table 3.4. Single-trial variability of the VEPs reconstructed from the BCG-artifact corrected (using AAS,
ICA, OBS and aOBS) data at the single-subject and at the group level.

Figure 3.7. a) SNR (expressed in dB) and b) inter-trial variability associated to the VEPs calculated from
gradient-artifact corrected (Orig) and BCG artifact corrected (AAS, ICA, OBS and aOBS) data for each
subject (S1, S2, S3, S4, S5, S6).
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3.4.

Discussion

In this study, we presented aOBS, an enhanced method for removing the
BCG artifact from EEG recordings acquired during fMRI scanning. Although a
number of methods to address the problem of BCG contamination already existed
(Allen et al., 1998; Niazy et al., 2005; Mantini et al., 2007), such as AAS, ICA and
OBS, none of them showed fully satisfactory results. Unlike these approaches, the
aOBS method is adaptive, as it considers the presence of a varying delay between
ECG and EEG signals, and it builds an artifact template separately for each channel
based on the characteristics of the EEG signal. Our analyses revealed that aOBS has
superior performance compared to AAS, ICA and OBS. Since it is easy to use and it
does not require parameter tuning, the aOBS method may find wide application in
the field of simultaneous EEG-fMRI.

3.4.1. Methodological considerations
The aOBS method, similarly to OBS, builds an artifact template using a basis
set created from an epoched EEG signal. However, the basis set is built in a
substantially different manner as compared to OBS. First of all, BCG events are
used instead of ECG events for data epoching. This permits to address the problem
of a variable delay between ECG and BCG peaks (Marino et al., submitted). In
aOBS, two options are available for BCG peak detection: either a reference BCG is
estimated from the EEG data and peak detection is run directly on it; alternatively,
ECG peak detection is performed, and then the timing of BCG peaks is identified
by using the cross-correlation function between ECG and EEG signals. These
approaches lead to very similar results (data not shown), but the first solution may
be preferred because it does not require the availability of a high-quality ECG
signal. The alignment on the EEG signal to the BCG events has a direct impact on
data epoching, and therefore influences the results of PCA, where less variability
across epochs generally results in a higher variance of the first PCs. Notably, PCA is
run only on selected EEG epochs, excluding those with large deviation from the
mean response. This choice distinguishes aOBS from OBS, in which all epochs are
considered. Our solution leads to the definition of a basis set that more clearly
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reflects BCG activity, whereas other artifactual (but also signal) sources may be
modelled by OBS. Concerning the number of PCs to be included in the basis set, it
is worth noting that no consensus has been reached for OBS, with most of the
studies setting this parameter to 3 or 4 (Vanderperren et al., 2010). Interestingly, it
has been shown that the selection of the same number of PCs for all the subjects
fails to capture inter-individual differences. This leads to satisfactory results for some
datasets, and not for others, in which non-negligible BCG residuals are still present
and/or relevant neuronal activity is removed (Tyvaert et al., 2008; LeVan et al.,
2013). Furthermore, previous studies showed that EEG recordings are contaminated
by the BCG artifact in a variable manner, depending on their position of the
electrode on the scalp and the relative orientation of the magnetic field (Yan et al.,
2010). For this reason, the number of PCs is selected on a channel-by-channel basis
in aOBS, using a threshold defined based on the Scree test (Cattell, 1966). Notably,
this threshold is typically lower with a high number of BCG events, in line with a
relatively lower probability that a PC containing brain activity has -by pure chancehigher variance than one containing BCG activity.

3.4.2. Performance with respect to other methods
The application of the aOBS method resulted in an effective removal of the
BCG artifact from EEG recordings collected during fMRI scanning. Specifically, our
analyses revealed reduction of the BCG artifact residual (Figs. 3.4-3.5 and Table
3.1), accompanied by a respectable preservation of brain activity (Figs. 3.6-3.7 and
Tables 3.3-3.4). Compared to commonly used BCG removal techniques, such as
AAS, ICA and OBS, aOBS showed smaller BCG residuals (Figs. 3.4-3.5a) and lower
cross-correlation with ECG (Fig. 5b), as well as higher single-subject and group-level
SNR and lower single-trial variability in the reconstructed ERPs (Figs. 3.6-3.7). Our
findings extends previous studies showing that ICA and OBS perform better than
AAS (Niazy et al., 2005; Mantini et al., 2007), but found conflicting results (Debener
et al., 2007) or no significant differences (Vanderperren et al., 2010) when directly
comparing ICA and OBS. This inconsistency in previous result may be mainly due to
the need, for each of these methods, of setting appropriate parameters for artifact
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removal. In its current implementation, the aOBS method does not require
parameter tuning and still enables a reliable reduction of BCG residuals while
preserving brain activity.

3.4.3. Limitations
Our analysis revealed a large variability in the presence of the BCG artifact
across subjects and, for each subject, across electrodes. This confirms the complex
nature of the artifact (Mullinger et al., 2013; Marino et al., submitted). Although we
addressed the problem of a varying delay between ECG and BCG events (Iannotti
et al., 2015; Oh et al., 2014), we did not estimate the exact delay on a channel-bychannel basis. Rather, we identified the BCG peaks using information from all EEG
signals together. A channel-by-channel peak detection could not be performed as
the BCG artifact shows an extremely variegated contribution depending on the
scalp region in which EEG sensor is located, ranging from very well defined peaks
to barely visible occurrences.
Another important limitation of our study concerns the validation. It should
indeed be noted that we conducted extensive investigations of several method
performance using datasets collected in 6 young healthy subjects with a 256channel EEG system. Whereas the comparative results across BCG attenuation
methods are certainly valid, it remains an unanswered question whether and to what
extent the current findings in terms of BCG suppression and brain signal
preservation can generalize to a larger number of datasets and to different EEG
systems. Future studies are warranted to address this question.
In the recent years, a growing number of studies has been dedicated to the
development of hardware enhanced algorithms, including camera tracking system
(LeVan et al., 2013; Maziero et al., 2016), carbon wire loops (van der Meer et al.,
2016), and insulating reference layers (Chowdhury et al., 2014), which enable highquality BCG corrections, also in real-time. Despite the clear benefits related to these
approaches, the introduction of additional material inside the MR environment may
increase the chance of technical issues and affect the comfort of the subject, a part
from also limiting their widespread use due to the dedicated hardware required. In
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this sense, an effective post-processing technique, such as the aOBS, might prevent
technical issues during data acquisition, while potentially providing comparable
data quality as the hardware-based methods. Though, this scenario should be
further

explored

and

comparisons

performed,

eventually,

following

the

implementation of aOBS also for on-line applications.

3.5.

Conclusion

In simultaneous EEG-fMRI, the presence of BCG residuals in EEG data
represents a serious problem. It may indeed hide true correlations between EEG
and fMRI signals, or even generate spurious correlations. To address this problem,
we developed aOBS, an enhanced method for BCG artifact attenuation. While
conceiving such a method, we specifically considered the temporal and spatial
features of the BCG (Marino et al., submitted), and implemented adaptive solutions
for BCG artifact detection and selection of an optimal basis set. As compared to
alternative methods, the application of aOBS led to a remarkable BCG artifact
attenuation and a substantial preservation of brain signal. Given its performance in
terms of BCG attenuation, we suggest that aOBS may be applied also in resting
state EEG-fMRI studies, in which no experimental events are present and no signal
averaging is therefore possible.
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4. Automated detection and labelling of high-density
EEG electrodes from structural MR images
Accurate

knowledge

about

the

positions

of

electrodes

in

electroencephalography (EEG) is very important for precise source localizations.
Direct detection of electrodes from magnetic resonance (MR) images is particularly
interesting, as it is possible to avoid errors of co-registration between electrode and
head coordinate systems. In this study, we propose an automated MR-based
method for electrode detection and labeling, particularly tailored to high-density
montages. Anatomical MR images were processed to create an electrode-enhanced
image in individual space. Image processing included intensity non-uniformity
correction, background noise and goggles artifact removal. Next, we defined a
search volume around the head where electrode positions were detected.
Electrodes were identified as local maxima in the search volume and registered to
the MNI standard space using an affine transformation. This allowed the matching
of the detected points with the specific EEG montage template, as well as their
labeling. Matching and labeling were performed by the Coherent Point Drift
method. Our method was assessed on 8 MR images collected in subjects wearing a
256-channel EEG net, using the displacement with respect to manually selected
electrodes as performance metric. Average displacement achieved by our method
was significantly lower compared to alternative techniques, such as the
photogrammetry technique. The maximum displacement was for more than 99% of
the electrodes lower than 1 cm, which is typically considered an acceptable upper
limit for errors in electrode positioning. Our method showed robustness and
reliability, even in suboptimal conditions, such as in the case of net rotation,
imprecisely gathered wires, electrode detachment from the head, and MR image
ghosting. We showed that our method provides objective, repeatable and precise
estimates of EEG electrode coordinates. We hope our work will contribute to a
more widespread use of high-density EEG as a brain-imaging tool.
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4.1.

Introduction

Electroencephalography (EEG) is an electrophysiological technique that
permits to record neuronal activity over the scalp. Given its high temporal
resolution, it is widely used to investigate the dynamics of brain activity, both in
health and disease (Chen et al., 2008; Brodbeck et al., 2011). Most recently, the
availability of EEG systems with high electrode density (number of channels > 100)
has substantially improved the spatial localization of brain activity sources (Lantz et
al., 2003). This progress has opened new opportunities for achieving substantially
higher spatio-temporal accuracy (Dale and Halgren, 2001; Lopes da Silva, 2004; He
et al., 2011; Michel and Murray, 2012) making EEG an attractive tool for the
noninvasive study of brain activity and connectivity in the human brain (Lantz et al.,
2003; Michel et al., 2004; Brodbeck et al., 2011; Song et al. 2015).
Accurate information about how neuronal activity propagates from the brain
to the sensors, which is typically referred to as EEG forward solution, is key for the
localization of brain activity using high-density EEG. Electrode coordinates are
detected in the sensor space and registered to a head model, which is generated
from a magnetic resonance (MR) image and defines the source space. Notably,
inaccurate information on EEG electrode coordinates may affect the EEG forward
solution, hence neural source imaging (Khosla et al., 1999).
Several methods for estimating the EEG sensor locations have been
developed over the years. Classical techniques include manual delineation as well
as electromagnetic or ultrasonic digitization. All of these are primarily based on the
selection of anatomical landmarks or fiducial points, such as nasion, pre-auricular
points, vertex and inion (Koessler et al., 2007). The identification of landmarks can
permit to estimate the positions of the remaining electrodes, using information from
a standard EEG montage (De Munck et al., 1991; Le et al., 1998). However, this
estimation is prone to errors, which may rise from the non-optimal application of the
net on the subject’s head, such as stretched, and/or asymmetric net positioning, or
erroneous definition of anatomical landmarks.
Electromagnetic and ultrasound digitization techniques are potentially more
precise than the manual approach, and permit to acquire three-dimensional
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information about electrode positions in addition to the anatomical landmarks
(Tucker, 1993; Le et al., 1998; He and Estepp, 2013). However, there are a number
of disadvantages related to these two techniques, such as sensitivity to the
environmental conditions and the time-consuming detection process. Furthermore,
since the subject is allowed to move his head during the digitization process,
localization errors due to head movements should be considered. These could be
limited by putting a stabilizer on the head, but this is rarely done in the practice
because it may be uncomfortable for the subject (Le et al., 1998). Overall,
digitization techniques are time-consuming and less suited for high-density EEG
because of the many electrodes to be detected.
Dealing with high-resolution EEG has been made possible through the
introduction of the Geodesic Photogrammetry System (GPS), which allows the
localization of EEG sensors on the subject’s scalp by using multiple pictures of the
subject’s head taken simultaneously. GPS overcomes the labor-intensive and timeconsuming limits common to the methods mentioned above (Russell et al., 2005).
However, the material needed for the acquisition is expensive and somehow
cumbersome. Furthermore, GPS only works on visible points, so it may become less
precise if the hair hides some electrodes.
It is worth noting that, when using manual delineation, electromagnetic
digitization, ultrasonic digitization or GPS, the electrode positions are determined in
a fixed head coordinate space and are not yet registered to the MR coordinate
space that defines the location of all potential neuronal sources (Russell et al., 2005;
Koessler et al., 2009). This registration, which can be performed either by means of
a rigid (6-parameter) or an affine (12-parameter) spatial transformation, may be
more or less reliable, depending on the accuracy of the head model and of the
electrode positions. To address this problem, a number of studies proposed the
direct localization of EEG sensors from MR images (Brinkmann et al., 1998; Koessler
et al., 2008; De Munck et al., 2012). Since electrode positions and head geometry
are extracted from the same MR image, it is theoretically possible to attain a more
accurate correlation of EEG information with anatomical structures in the brain.
Furthermore, no specific equipment is needed, except for having access to an MR
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scanner. This may be considered a primary limitation of the MR-based approach, as
not all EEG laboratories have access to MR facilities. However, MR scanning is
required to collect a structural image of the subject’s head, based on which a
realistic head model can be built. Even if MR safety exclusion criteria for the
subjects and costs for MR scans may represent some further limitations in a pure
EEG study, this approach is desirable for the use of EEG as brain imaging tool
(Michel and Murray, 2012). Notably, the MR scanning of a participant wearing an
EEG net can be easily performed in simultaneous EEG-fMRI experiments (Laufs,
2008).
A number of MR-based localization approaches have been already
developed. Most of them rely on the use of external paramagnetic markers, such as
vitamin A (Van Hoey et al., 1997; Brinkmann et al., 1998; Sijbers et al., 2000),
gadolinium (Yoo et al., 1997; Koessler et al., 2008), CuSO4 solution (Brinkmann et
al., 1998) and collodion (Lagerlund et al., 1993). Notably, the application of markers
may affect the stability of the system resulting in electrodes misplacement or
detachment (Yoo et al., 1997; Brinkmann et al., 1998). Most importantly, none of
the MR-based localization methods were developed for and tested with highdensity EEG montages. Interestingly, currently available high-density EEG nets have
electrodes embedded in a plastic case. Since plastic contains hydrogen protons, it
can be detected in MR images (Kramme et al., 2011). This opens the way to the
detection of high-density EEG electrodes from MR images without using external
paramagnetic markers.
In this study, we tackle this challenge, proposing a method for the detection
and labelling of high-density (256-channel) EEG electrodes from structural MR
images. Our approach does not require the use of markers fixed to the electrodes,
and provides objective, fast and reproducible estimates of EEG electrodes
coordinates using information extracted from an MR image.
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4.2.

Materials and Methods

4.2.1. Method description
Our method localizes and labels EEG electrodes from an MR image
following two sequential steps (Figure 4.1): 1) image processing: the structural MR
image is processed in the individual space to improve image quality, perform image
segmentation and detect the head shape; since electrodes are positioned around
the scalp, a search volume is defined around the external border of the head. 2)
electrode detection and labelling: candidate electrodes are identified within the
search volume in individual space and then registered to the Montreal Neurological
Institute (MNI) standard space; then, template EEG points are matched to the MRdetected electrode points, allowing for a direct electrode labelling. The full
procedure is explained in detail in the following paragraphs.

Figure 4.1. Workflow for detection and labeling of EEG electrodes from a structural MR image.
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4.2.1.1. Image processing
Processing of the MR images is carried out using the SPM12 software
(http://www.fil.ion.ucl.ac.uk/spm/software/spm12/)

and

in-built

MATLAB

(MathWorks, Natick, U.S.) functions. First of all, we correct for intensity nonuniformity (INU) in the MR image and remove background noise and goggles
artifact (if goggles are worn by the subject). Then, a mask external to the head skin
but including the electrodes is generated and applied to the image. Finally, spatial
smoothing is applied to simplify the detection of electrodes as local maxima in the
masked image.

Intensity non-uniformity correction and segmentation
First of all, we perform spatial resampling at 1mm isotropic voxels on the
structural MR image (Figure 4.2a). Afterwards, intensity non-uniformity correction
(Figure 4.2b) is carried out by the unified segmentation algorithm implemented in
SPM12, using a regularization parameter equal to 0.0001 and a smoothing
parameter equal to 30 mm Full Width at Half Maximum (FWHM), respectively.

Figure 4.2. Main image processing steps, from the input image to the EEG electrodes detection. The
structural MR image of a representative subject is shown in sagittal view, for different processing steps.

Background noise removal
The INU-corrected image is binarized by using a threshold equal to 10% of
the maximal image intensity. The voxels belonging to the resulting binary image are
clustered to define the head of the subject and other unconnected structures. A
mask including only the head is defined and applied to the original image, allowing
the elimination of background noise and the exclusion of all the external structures
detached from the head.
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Goggles removal
In some cases, electrodes are not the only structures attached to the head.
Indeed, glasses for correction to normal sight or video goggles are used when
visual-based task are involved during a functional acquisition in the MR scanner. The
presence of goggles is detectable in the structural MR image and this may
substantially increase the number of false positives detected by our method. As
such, a dedicated image-processing step is used to remove goggles (if present)
from the MR image.
First of all, we binarize the masked INU-corrected image obtained at the
previous processing step, using 25% of the maximum value as threshold. Dilation
and erosion of the resulting mask are performed using morphological operators
with 1-voxel radius for the spherical structuring element to remove residual possible
noise around the head. Following the binarization, internal bone and sinus areas,
which show low intensity in the MR image as compared to other head structures,
appear as dark holes in the head and are filled in. Then, clusters of connected
voxels in the image are defined and only the biggest one, which corresponds to the
head and the connected surrounding structures, is kept. The resulting image is
dilated (spherical kernel with 3-voxel radius) to incorporate all the external structures
connected to the head. At this point, the previously defined mask is subtracted
from the new dilated image, highlighting the presence of objects bordering with
the scalp. Goggles regions are identified as the objects and with cluster size larger
than 10.000 mm3. Image intensity in these regions is set to zero in the original
image, thereby allowing for the removal of the goggles (only if these are present).
This produces a deglassed MR image (Figure 4.2c).

Retrieval of electrode image
After the localization and the removal of the goggles artifact, the search
volume for the electrodes is defined. The original image without the goggles is
binarized using 25% maximum intensity as threshold. The new binarized image is
eroded and dilated using a 4-voxel spherical element. The resulting mask includes
the full head and the volume around the scalp. Since the electrodes are located on
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the scalp’s surface, we create a new mask for isolating the volume around the head,
through the subtraction of the binarized image without goggles from the just
calculated resulting mask. The new mask represents the search volume for
electrodes detection. Original data are masked with the search volume to visualize
only the skull border region where the electrodes are detected (Figure 4.2d).

4.2.1.2. Detection and selection of electrodes
All analysis steps after image processing are implemented using MATLAB.
First of all, candidate electrode positions are defined using the smoothed electrode
image. The initial list of candidate electrodes is reduced by applying specific criteria
based on their positions. Next, the candidate electrode positions are transformed to
a standard space and compared with those of a template EEG net, in order to
estimate the positions of the real EEG electrodes and to label them. Finally, we
back transform the detected electrode positions to the original space of the MR
image.

Detection of candidate electrodes
First, the electrode image is smoothed (Figure 4.2e) using a Gaussian kernel
with a full width at half maximum (FWHM) approximately equal to the electrode
radius (5 mm for the montage used in this study). This smoothing kernel is chosen to
reduce image noise but preserve electrode information. Then, candidate electrode
points 𝑦! , … , 𝑦! are defined by extracting the local maxima in the smoothed
electrode image. The number of candidate points d is expected to be larger than
the number of electrodes n, due to image artifacts or residuals of other structures
external to the head.

Registration of electrode positions to MNI space
We transform the detected electrode positions from individual to MNI
standard space in order to standardize the electrode positions, such that their
mutual distance is not biased by head size and orientation. The registration of the
electrode positions is performed by applying a 12-parameter affine transformation,
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calculated by means of SPM using the INU-corrected MR image as moving image
and a T1-weighted template image in MNI space as target image. The relation
between the i-th electrode point in MNI space and in individual space, indicated
with 𝑦! and 𝑦! respectively, can be expressed as follows:

𝑦! = 𝐷 ∙ 𝑅 ∙ 𝑦! + 𝑡

(4.1)

where R represents a rotation, t a translation, and D indicates a non-uniform dilation
between the two coordinate systems.

Filtering of candidate electrodes
We use two different criteria based on the Euclidean distance to reduce
possible false positives among the detected points. First, we exclude the electrodes
that are close to each other. Accordingly, we calculate a distance matrix using the
coordinates of the detected electrodes. If there is a pair of electrodes with distance
lower than the minimum inter-electrode distance in the template (equal to 12mm
for the montage used in this study), the one that is the furthest from the head
contour is excluded. In a second filtering step, we assess the minimum distance of
each electrode from the head contour. We define and remove outlier electrodes,
defined as those with distances larger than the average plus four times the standard
deviation of the whole set of values. This leaves us with a set of d’ candidate points
in MNI space 𝑦! , … , 𝑦!! , with d’≤d.

Definition of electrode positions and labels
The definition of electrode positions and labels is attained in MNI space, by
spatially aligning the points of a template montage 𝑥! , … , 𝑥! (see Figure 4.3) to the
candidate points remained after the two filtering steps 𝑦! , … , 𝑦!! . To this end, the
Coherent Point Drift (CPD) algorithm (Myronenko and Song, 2010) is iteratively run
until convergence. CPD considers the alignment of two point sets as a probability
density estimation problem, where one point set represents the Gaussian mixture
model (GMM) centroids, and the other one represents the data points. GMM
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centroids are assumed to have equal isotropic variance 𝜎 ! , which is derived from
the data. These centroids are forced to move coherently as a group to preserve the
topological structure of the point set.
To this end, a continuous velocity function υ needs to be defined, such that
the updated position for the i-th template point can be written as:

(4.2)

𝑥! = 𝜐 𝑥! + 𝑥!

An optimal solution to the problem is defined by minimizing a negative loglikelihood function E, defined as follows:

𝐸=−

!!
!!! 𝑙𝑜𝑔

!
! !! !!!
!

!
!
!
!!! 𝑒

!

+ 𝜙 𝜐
!

(4.3)

where λ is a weighting factor and 𝜙 a regularization function that enforces a smooth
motion constraint (Chui et al., 2000; Jian et al., 2011). Upon convergence of the
CPD-based iterative procedure, the coordinates of the non-linearly registered
template points 𝑥! , … , 𝑥! are taken as estimates of the final electrode positions in
MNI space. Notably, electrode labelling is directly obtained in this manner.
Eventually, the electrode coordinates are projected to individual space by inverting
the affine transformation previously calculated from individual to MNI space (see eq.
4.1). Specifically, the final i-th electrode point 𝑥! , with j=1,…,n, is obtained as
follows:
𝑥! = 𝐷 !! ∙ 𝑅 !! ∙ 𝑥! − 𝑡
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Figure 4.3. Template 256-channel montage used in this study, overlaid over a rendered surface of a
head in MNI space.

4.2.2. Method validation
4.2.2.1. Dataset
The structural MR images we used for the method validation were acquired
in eight healthy young volunteers who underwent simultaneous EEG-fMRI
examination. This was approved by the ethics committee of the Canton of Zurich,
Switzerland and met the guidelines of the declaration of Helsinki. Specifically, we
collected T1-weigthed images MR data with a 3T Philips Achieva MR scanner
(Philips Medical Systems, Best, the Netherlands) using a 3D MP-RAGE sequence
(field of view: 240 × 240 × 160 mm, repetition time: 8.14 ms, echo time: 3.7 ms, flip
angle: 8 degrees).
The MR data were collected in two phases. In the first one, two subjects
(subjects S1 and S2) underwent MRI while wearing a HydroCel Geodesic Sensor Net
(Electrical Geodesics, Eugene, U.S.) with 256 electrodes. Subsequently, the 3D
Cartesian coordinates of the EEG sensors on the scalp were also obtained using a
Geodesic Photogrammetry System (GPS). We paid particular attention to the
subject’s preparation and in particular to the positioning of the EEG net, as the goal
was to provide a benchmark to test our approach against another technique for 3D
electrodes position reconstruction. In a second phase of the data acquisition, we
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acquired data in six subjects (subjects S3-S8), who were wearing a 256-channel
HydroCel Geodesic Sensor Net. Since we wanted to assess the performance of our
method, we acquired these additional MR images trying to replicate typical sensor
net positioning and MR imaging problems that can be encountered when
performing simultaneous acquisition of fMRI and EEG data, such as net rotation (S3
and S5), imprecisely gathered wires (S6), electrode detachment from the head (S4
and S7), and ghosting (S8) (see Figures 4.4-4.6).

Figure 4.4. Example of rotated net with respect to the head midline. The rendered surface is extracted
from the MR image of subject S3. The blue dashed line indicates the midline of the EEG net, whereas
the red dashed line indicates the head midline.

Automated detection and labeling of high-density EEG electrodes

89

Figure 4.5. Example of imprecise wire gathering around the head. This was extracted from the MR
image of subject S6.

Figure 4.6. Example of electrode detachment from the head. This was extracted from the MR image of
subject S4.

4.2.2.2. Assessment of method performance
The automated method was validated against manual detection from the
MR volume. This was performed by one experienced investigator and doublechecked by a second one. We opted for manual delineation for the estimation of
the electrode positions, because this could be performed directly on the MR image,
such that the measurement was not affected by coregistration errors. Nonetheless,
it is worth noting that also the results of this procedure are operator-dependent and
have an associated imprecision, which cannot be eliminated. The manual procedure
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demanded to look at the 3D image and select the center of each electrode with a
mouse click to get the corresponding (𝑥, 𝑦, 𝑧) coordinates in a Cartesian system.
MRIcron (http://people.cas.sc.edu/rorden/mricron/index.html) was used as image
viewer for this step. Electrode labelling was also performed manually, comparing
the set of points defined by the operator against those of a template montage
(Figure 4.3), which was used independently also as input to the automated method
(see section 2.1.2).
As a first performance analysis, we assessed the number of points detected
by the automated method across different processing stages. Specifically, we
quantified the number of false positives and false negatives just after the detection
of candidate electrodes (before filtering) as well as after the first and second
electrode filtering steps. Notably, the automated method was implemented such
that the whole set of electrode points was generated at the end of our procedure
(virtually, with no false positives and negatives). For this reason, the final set of
electrode points was further analyzed in terms of: 1) positioning error (PE), and 2)
localization accuracy (LA). PE was measured by calculating the Euclidean distance
between the positions of automatically and manually detected electrodes,
respectively. LA was quantified by calculating the ratio between the number of
electrodes for which PE was lower than a given tolerance limit and the total number
of electrodes (in our case, n=256). This limit was set to 1 cm, in accordance with
previous studies (Kavanagk et al., 1978).
We compared the performance of our method against the one of GPS,
which is currently considered the most suitable procedure for the localization of
high-density EEG electrodes. With GPS, the position of each EEG electrode is
derived from multiple pictures, simultaneously captured, of all the sensors on the
subject’s scalp. After defining the 2D electrode positions on at least 2 pictures, 3D
coordinates are computed by using a triangulation algorithm (Russel et al., 2005).
We registered sensors locations detected by GPS to the scalp points defined by
image segmentation (see section 2.1.1), as typically done in EEG source localization
studies (Song et al., 2013; Reis and Lochmann, 2015), using the rigid-body
transformation implemented in SPM. A rigid-body transformation was used for
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preserving the inter-electrode distances and therefore the global spatial
configuration of the electrodes. Also, we used the same approach to align the GPSderived electrodes positions to the manually detected points, such that the estimate
of the overall error associated with the GPS was the smallest possible. In this
manner, we attempted to estimate the inaccuracy that can be ascribed to the GPS
technology (i.e., intrinsic GPS error), and not to the imperfections of the head
model.

4.3.

Results

In all the datasets used for the validation, our image-processing procedure
was able to remove –at least in part– structures external to the head, such as
goggles and other noise in the MR image, while sparing the electrodes. This led to
the successful creation of an electrode image on which candidate electrode
positions were detected. The number of these detected points contained some
false positives but never exceeded 128% of the number of electrodes in the
montage (i.e. 256) for any of the eight MR images in this study. The number of false
negatives (missing points) was 0.5% of the total number of electrodes just after
electrode detection, and did not increase across the two filtering steps (Table 4.1).
In turn, the overall number of false positives decreased consistently across the
filtering steps, going from 16% down to 2.5% (Table 4.1).

Notably, no false

positives and no false negatives were present after the use of the CPD algorithm
(see section 2.1.2).
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Table 4.1. Analysis of the number of false negative (FN) and false positive (FP) across different analysis
stages. This analysis refers to three main stages: 1) definition of candidate electrodes after the image
processing part (before filtering), first filtering step based on inter-electrode distance, second filtering
step based on the distance from the head contour.

Before
Filtering

Filtering

Filtering

1

2

Subjects
FN

FP

FN

FP

FN

FP

S1

0

21

0

8

0

5

S2

0

22

0

6

0

4

S3

0

33

0

5

0

4

S4

1

71

1

10

1

9

S5

0

11

0

4

0

3

S6

0

68

0

12

0

10

S7

0

48

0

10

0

8

S8

0

54

0

8

0

8

Next, we assessed the performance of our MR-based method for electrode
localization in terms of positioning error (PE) and localization accuracy (LA), using
the results obtained by GPS localization as reference (Table 4.2 and Figure 4.7). For
both MR images under investigation (S1 and S2), our MR-based electrode detection
approach showed an average PE smaller than 3 mm. Since the maximum PE was
below 8 mm, we also obtained an LA equal to 100%. Notably, channel-by-channel
PEs were significantly lower than those of GPS (Wilcoxon Signed Ranks Test, Z =
13.860, 2-tailed p < 0.001, and Z = 13.744, 2-tailed p < 0.001, for S1 and S2,
respectively). Furthermore, PEs obtained with our MR-based approach remained
significantly lower than GPS even when we discounted the effect of coregistration
errors (see section 2.2.2) that affected the GPS-based localizations (Wilcoxon Signed
Ranks Test, Z = 11.492, 2-tailed p < 0.001, and Z = 8.165, 2-tailed p < 0.001, for S1
and S2, respectively).
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Table 4.2. Positioning error (PE) and localization accuracy (LA) for MR-based and GPS-based electrode
detection. Subject S1 and S2 are the ones in whom both MR data and GPS data were acquired. For
the PE average value, standard deviation and maximum value are reported. LA shows the percentage
of electrodes for which PE is lower than 10 mm.

Subjects

Mean PE (mm)

Std PE (mm)

Max PE (mm)

LA (%)

S1

2.26

1.10

7.62

100

S2

2.55

1.22

7.33

100

S1

11.96

3.74

20.58

31.25

S2

7.93

4.23

24.40

79.30

S1

5.31

3.52

19.28

89.45

S2

4.29

3.11

19.32

95.31

MRI

GPS
Total

GPS
Intrinsic

Figure 4.7. Positioning error (PE) for MR-based and GPS-based electrode detection. Whisker plots are
provided for subjects S1 and S2, in whom both MR data and GPS data were acquired. a) MR-based
electrode detection (MRI), b) GPS-based detection with coregistration error (GPS Total), c) GPS-based
detection without coregistration error (GPS Intrinsic).
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We also analyzed the spatial distribution of the localization error across EEG
channels. In this respect, we observed that the error was relatively uniform for our
MR-based approach (Figure 4.8a), with a coefficient of variation (i.e. standard
deviation divided by average) equal to about 48%, whereas the GPS presented
relatively larger values in correspondence to the edge of the net, at the bottom of
the head, as well as around the ears and the cheeks (Figure 4.8b). In this case, the
coefficient of variation of PE across channels was about 69%.

Figure 4.8. Spatial distribution of PE for MR-based and GPS-based electrode detection. From left to
right, coronal, sagittal and axial views are displayed. a) MR-based electrode detection (MRI), b) GPSbased detection without coregistration error (GPS Intrinsic).

Subsequently, we assessed the performance of our approach on a set of MR
images collected in six additional subjects (S3-S8). In this case, net positioning was
performed to replicate possible unfavorable conditions in net positioning and MR
scanning (see section 2.2.1). In spite of that, average PE was lower than 3.5 mm for
all subjects (Table 4.3 and Figure 4.9).
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Table 4.3. Positioning error (PE) and localization accuracy (LA) for MR-based electrode detection in an
additional set of MR images. For the PE average value, standard deviation and maximum value are
reported. LA shows the percentage of electrodes for which PE is lower than 10 mm. Subjects S3-S8 are
the six subjects involved in the performance assessment of our MR-based method in the presence of
sensor net positioning and MR imaging problems.

Subjects

Mean PE (mm)

Std PE (mm)

Max PE (mm)

LA (%)

S3

2.18

1.31

11.48

99.61

S4

3.03

1.82

18.02

99.22

S5

1.91

0.97

5.81

100

S6

3.39

2.66

19.57

97.28

S7

2.63

1.65

18.87

99.61

S8

2.91

2.49

22.20

96.89

Figure 4.9. Positioning error (PE) for MR-based electrode detection in an additional set of MR images.
Whisker plots are provided for subjects S3-S8. These six subjects were involved in the performance
assessment of our MR-based method in the presence of sensor net positioning and MR imaging
problems.
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Electrode detection was slightly less accurate in the posterior part of the
head, in correspondence of the ears’ region and around the cheeks (Figure 4.10).
Accordingly, a small number of detected electrode distances were larger than 1 cm,
with LA ranging between 97% and 100%, and the coefficient of variation of PE
across channels was about 66%.

Figure 4.10. Spatial distribution of PE for MR-based electrode detection in an additional set of MR
images (subjects S3-S8). From left to right, coronal, sagittal and axial views are displayed.

4.4.

Discussion

To the best of our knowledge, this is the first study proposing an automated
method for localizing and labelling EEG electrodes through MR images, without
using any specific sensor marker and specifically tailored to high-density EEG
montages. So far only two studies proposed labelling methods, but these were
either semi-automated (De Munck et al., 2012) or required the use of external
markers (Koessler et al., 2008). In either case, those methods were specifically
developed for and validated with low-density EEG systems.
The availability of information about three-dimensional position of each
electrode on a subject’s head is strictly required for correlating EEG data with the
underlying brain activities (He et al., 2013). MR-based localization method, among
which the method we propose in this paper, have the great advantage of providing
electrodes coordinates directly in the MR space, which is the same space to which
EEG activity needs to be projected for source localizations (Lagerlund et al., 1993;
Towle et al., 1993; Yoo et al., 1997; Van Hoey et al., 1997; Ziga et al., 2012). This
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minimizes further sources of errors, such as electrodes position digitization and
projection. Conversely, other techniques provide EEG electrode coordinates that
should be registered from the EEG sensor space to the MR space, and then
projected onto the surface of the reconstructed head model. Digitization
techniques, in particular, may be very time-consuming for high-density EEG studies
(Koessler et al., 2007). In order to avoid the labor-intensive measurement of the
electrodes and fiduciary landmarks in every subject, many studies use an MR
template image for structural reference and fit a standard electrode coordinate
system over it (Richards et al., 2014). This leads to reduced accuracy in source
locations (Yoo et al., 1997; Khosla et al., 1999; Dalal et al., 2014).
Nowadays, GPS represents the primary technique for localization of highdensity EEG electrodes. Not only were the localization errors for our MR-based
approach substantially lower than GPS, but they were also more homogeneously
distributed across channels (see Table 4.2), as revealed by a reduced coefficient of
variation compared to the GPS. Our data confirmed that the error in the spatial
registration to the subject’s head may contribute for the largest part to the total
error that characterizes the GPS. However, even when we discounted the
contribution of this registration error in the GPS measures, we still found that our
MR-based approach had better performance (Table 4.2 and Figure 4.7).
We extended our validation to additional MR datasets with EEG montage
having 256 channels, and characterized by relatively lower quality, and to verify
whether the approach we developed could be applicable to a wide range of
situations. As expected, the MR datasets characterized by lower quality yielded
higher error values (for mean, standard deviation and maximum) compared to the
first, more controlled dataset (see Tables 4.2 and 4.3). Nonetheless, our method
showed satisfactory results, with averages lower than 3.5 mm for all the subjects.
Specifically, LA was always larger than 99%, except for two MR images. One of
these images (S8) was severely affected by ghosting, resulting in the assignment of
a few points to image noise rather than to true electrodes. The other MR image (S6)
was characterized by inappropriate wire gathering. It is worth mentioning that, even
for subjects showing the highest distances using our approach, the spatial
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localization error was still lower than the one of GPS. Electrodes detachment itself
did not seem to affect negatively the performance of our method, showing really
high accuracy (LA close to 100%). However, this should be anyway avoided as it
negatively impacts on the quality of the collected EEG signals. MR images
characterized by rotation of the central line of the EEG net yielded results similar to
those of good-quality images (e.g. the ones labeled as S1 and S2), showing the
robustness of our approach in the case of sub-optimal net positioning. Notably, we
found the maximum error for our MR-based approach to be for more than 99% of
the electrodes lower than 1 cm (as shown by LA values in Table 4.2 and 4.3), which
is considered an acceptable upper limit for errors in electrode positioning
(Kavanagk et al., 1978).
Our method showed robustness and reliability, even in suboptimal
conditions. On the other hand, a number of limitations should be mentioned. First,
we conducted the present study using structural images collected with an MR
sequence that we routinely use for EEG-fMRI experiments. Further improvement
could theoretically be obtained if specific MR acquisition sequences would be
designed to improve the contrast of the EEG electrodes in the MR image, as
compared to brain tissues. Since high-density EEG electrodes can be visualized in
the MR image as they contain plastic material and plastic has a very rapid decay, it
is conceivable that MR sequences with ultra-short echo time (Robson et al., 2003)
could improve the accuracy of the proposed method. Furthermore, the method
relies on image processing steps that are not specifically designed to preserve
electrode shapes, and electrode positions are simply detected as local maxima after
linear Gaussian filtering. Electrode detectability could be improved by using
nonlinear edge-preserving filtering specifically designed for MR images (Samsonov
et al., 2004) in combination with robust template matching (Tward et al., 2013).
Finally, the method requires the initial setting of several parameters, e.g. for
thresholding and dilation/erosion. These parameters have been empirically tuned in
the present study, but may not easily generalize to MR images with different
contrast, signal-to-noise ratio and/or spatial resolution. As such, the method cannot
be considered fully automated. From this standpoint, the implementation of
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procedures for the automated selection of the parameters based on MR image
properties would be highly desired for extending the applicability of our method.
Future work is warranted for the development and testing of these procedures
based on a large number of images collected with different MR scanners and
various acquisition sequences. This would further contribute to a general validation
of our approach.

4.5.

Conclusion

We have introduced a method for the detection and labelling of highdensity (256-channels) EEG electrodes. This does not require the use of markers
fixed to the electrodes, and provides objective and reproducible estimates of EEG
electrodes

coordinates

using

information

extracted

from

the

MR

image.

Importantly, these estimates are not affected by errors of registration and projection
of EEG electrodes onto the head model, which are present when using other
techniques such as 3D digitization and GPS (Russell et al., 2005). Notably, our
results revealed increased localization precision as compared to GPS, which is the
most widely employed solution for high-density EEG. We suggest our method for
detection and labelling of high-density EEG electrodes has the potential to increase
the accuracy of source localizations. We hope this may advance the utility of EEG in
the context of multi-modal brain imaging.
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5. Discussion
The strong degree of complementarity between EEG and fMRI justifies the
great interest of the neuroscientific community in their concurrent use. The intensive
methodological development has occurred in the recent years to enable
simultaneous EEG-fMRI data collection and analysis (Debener et al., 2007; Mantini
et al., 2007; Porcaro et al., 2010). Despite the substantial attempts, early difficulties
related to integration of simultaneous EEG-fMRI were still unsolved. The BCG
artifact has been the first reported distortion in the EEG signal acquired inside the
MR scanner. Though its removal still represents a challenging task, compromising
any further analysis of the EEG data (Ives et al., 1993). A detailed characterization of
the BCG artifact has been performed in Chapter 2 of this thesis. Based on the
derived BCG features, an effective method for artifact suppression has been
developed, as presented in Chapter 3. The aOBS method allows to efficiently
suppress BCG contributions, while preserving the genuine brain signal. Thus, clean
EEG data can be further processed, including source localization (Michel and
Murray, 2012; Liu et al., 2017), to be finally coupled with fMRI signals and provide
plausible neurophysiological meaning between the two measurements, not affected
by the presence of artifact residuals. In Chapter 4, another EEG analysis issue has
been addressed. Specifically, a method for the spatial localization of the EEG
electrodes from MR images has been proposed. The resulting information on
electrodes position is then given as input in the generation of the realistic head
model, thereby improving the accuracy of EEG sources localization. Thus, the
development of this method may positively influence research outcomes for
simultaneous EEG-fMRI.
The methods proposed in this PhD thesis contribute to fast, accurate and
objective EEG-fMRI measurements, which are highly desirable features both for
research-oriented environments and clinical applications. Also, they do not require
extra material to be applied onto the subject, or, more generally, to be introduced
in the MR environment, which further contribute to their accessibility and spread
among different research groups. In summary, the work presented in this thesis was
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aimed to the development of a technological platform for simultaneous EEG-fMRI
data integration. Such a platform may contribute to the widespread use of
simultaneous EEG-fMRI among the neuroscientific community (Babiloni et al., 2004;
Yang et al., 2010; Mullinger et al., 2011; Laufs, 2012; Jorge et al., 2015).

5.1.

Methodological considerations

The methods proposed in this thesis have been developed and validated for
high-density EEG datasets. Nevertheless, we suggest that their implementation can
be easily extended to other, also low resolution, EEG systems. Also, we expect that
these methods may find application also with ultra-high magnetic field. In the
following paragraphs, method-specific considerations are presented.

5.1.1. BCG artifact characterization and removal
The approach proposed in Chapter 2 enables the quantification of the
distinct contributions associated with the BCG artifact. The most prominent
components contributing to the BCG spatio-temporal dynamics were revealed.
Though, further research should be oriented to investigate the physiological causes
of each of these components. To this end, our analysis should be replicated in EEG
datasets collected while constraining the head of the subject, by means of bite-bar
and vacuum cushion (Maziero et al., 2016), monitoring the actual electrodes
movement by means of piezoelectric sensors (Bonmassar et al., 2002; Van der Meer
et al., 2016), and discounting pulse-driven expansion of the scalp by applying an
insulating between the scalp and the EEG cap (Chowdhury et al., 2014).
In Chapter 2, a varying delay between ECG and BCG occurrences withinand across- subjects was reported. The identification of the cardiac events directly
from the BCG signal permits to discount the varying ECG-BCG delay, and may
improve existing BCG removal methods relying on the assumption of a constant
delay. Also, in presence of cardiac pathologies altering the physiological heart
rhythm, the correct identification of the cardiac events from the ECG signal may be
compromised and the link between ECG and BCG events might also be not as in
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healthy individuals. Therefore, direct detection from the BCG signal might prevent
misleading peaks detection and provide more reliable information.
BCG spatio-temporal dynamics presented in Chapter 2 showed that the
occurrence of the BCG artifact varies not only over time, but also across channels. In
fact, while some channels are characterized by a strong BCG contribution, other
channels display only marginal artifactual contribution. This prevents the detection
of the BCG occurrences from each EEG channel. A representative BCG signal can
be potentially defined in different ways, including either the selection of a cardiacrelated component following the application of decomposition techniques (Benar et
al., 2003), or the subtraction of the major artifactual contributions arising from the
cheeks electrodes (Iannotti et al., 2014; Marino et al., submitted). In Chapter 3, the
BCG signal, defined as the first principal components derived from PCA applied to
the full EEG dataset, enabled a clear detection of the cardiac occurrences at the
scalp level. This approach is expected to work effectively also at higher magnetic
fields. Indeed, the contribution of the BCG artifact increases with the magnetic field
(Debener et al., 2008), thus the detection of the peaks on the BCG signal might be
facilitated. On the other hand, EEG datasets acquired with lower intensity magnetic
field may not display an equivalent BCG contribution, thus the identification of the
BCG peaks might be more difficult. The approach used for detecting the BCG
peaks in the aOBS method relies on a more general strategy, in contrast with
previously proposed method mainly suitable for high-density EEG (Iannotti et al.,
2014), and the BCG signal can be derived for any EEG system, regardless of the
scalp coverage of the EEG electrodes. Since the detection of the cardiac events can
be performed directly on the BCG signal, based on the information from the EEG
dataset, the aOBS method does not necessarily require the application of the ECG
electrodes on the subject’s chest. This means that the removal of the artifact can be
performed also in case of degraded quality, or even absence, of the cardiac signal.
Actually, the aOBS methods does not require the introduction of any additional
material in the MR scanner at all, which also generalizes its applicability to any kind
of EEG systems. Indeed, the aOBS method is based on the subtraction of a
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template generated from the EEG data on a channel-by-channel basis, thus the
number of channels of the specific EEG system is not relevant.

5.1.2. EEG electrodes spatial localization
The method proposed in Chapter 4 allows automatically detecting and
labeling EEG electrodes directly from MR images. It is especially suitable for
applications involving high-density EEG, for which the spatial localization of the EEG
sensors, notably, is time-consuming and tedious for both subject and operator. An
added value to EEG-fMRI experiments is that the subject is already lying in the
scanner, thus the subject most likely keeps exactly the same position during both
the experiment and the acquisition of electrode positions. By using the MR-based
method for the localization of the electrodes, the electrodes and the structural
image used for creating the realistic head model are indeed in the same reference
system. This eliminates any co-registration error, and leads to an improved source
localization. Consequently, the method for the spatial localization of the EEG
electrodes proposed in this thesis is a reliable approach for getting information on
electrode positions. The major limitation is that can be only used with MRcompatible EEG systems, which makes it suitable for EEG-fMRI applications, but not
for experiments involving only EEG measurements.
In line of principle, the possibility of using the method for the spatial
localization of EEG electrodes, also for lower resolution EEG systems should not be
dismissed. The localization of the EEG electrodes would probably benefit from the
increased spatial resolution allowed by higher intensity magnetic fields, though the
effects of the distortions affecting the structural MR image, as introduced by a even
more challenging environment, should be carefully assessed.
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5.2.

Future directions

5.2.1. Artifact removal in simultaneous EEG-fMRI
EEG signals acquired during simultaneous fMRI scanning are affected by
various artifacts, which contaminate the EEG signal changes associated with
neuronal activity. The method proposed in this thesis enables the removal of the
BCG artifact, which severely affects the EEG data acquired in the MR scanner
environment.
Besides the imaging and BCG artifacts, the EEG data may be corrupted by
other sources of disturbances. These include the ones associated with the internal
ventilation system (Nierhaus et al., 2013), Helium pump cooling system, and
movement of the subject. The first two are systematic artifact and, for the most of
the MR scanners, it is possible to prevent their occurrence by temporary switching
off the ventilation system and the cooling pump during actual scanning (Ritter et al.,
2010; Van der Meer et al., 2015). On the other hand, the movement of the subject
is extremely unpredictable. In correspondence of abrupt head movements, the
temporal profile of EEG is characterized by large amplitude, spike-like profile. The
movement of the head provokes EEG electrode and wire displacement in the static
magnetic field (Jorge et al., 2015), resulting in artifactual distortion of the EEG
signal. The actual contribution of the artifact depends on the trajectory and speed
of the movement, the subject head shape and the features of the EEG system,
including number for electrodes and scalp coverage. The application of motion
sensors, such as piezoelectric sensors (Bonmassar et al., 2002), carbon-wire loops
(CWL) (Van der Meer et al., 2015), and camera tracking system (LeVan et al., 2013;
Maziero et al., 2016), enabled the monitoring of subject’s head movement with
higher temporal resolution than afforded by the realignment parameters extracted
from the fMRI acquired volumes. These methods are based on the detection of a
reference signal that provides detailed information on the onset and offset of the
artifactual occurrences and enabled a spatial tracking of the movement, leading to
more specific head motion related template generation. The side effect relates to
the introduction of additional material inside the MR environment, which may
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increase the chances of further technical issues and affect the comfort of the
subject. Motion artifacts in simultaneous EEG-fMRI might be a new challenge to be
addressed in the near future. In fact, the development of appropriate processing
removal methods is highly sought and it is likely to further promote the use of
simultaneous EEG-fMRI acquisitions also for those people for which the experience
in the MR scanner can be especially distressing, as it is the case for patients and
children.

5.2.2. EEG electrodes detection from MR images
The work proposed in Chapter 4 of this thesis contributes to the
improvement of the current pipeline used for advanced EEG data analysis, as the
spatial localization of the EEG electrodes can now be easily performed with
unprecedented accuracy. Future work should be oriented to the assessment of the
actual localization error in the brain source reconstruction, following the inclusion of
the EEG electrodes position derived from structural MR images in the generation of
the head model. The method for the spatial localization of EEG electrodes may be
further improved by properly tuning imaging parameters, which, by influencing the
contrast of the structural MR images, may enhance the sensors structure and
facilitate the detectability of the electrodes. In the future, the development of new
tailored sequences would further increase the reliability of the approach proposed
in this thesis. Especially, by exploiting the physical properties of the electrodes
plastic case, we suggest that ultra-short echo time (UTE) sequence might be
suitable for this purpose (Robson et al., 2003; Butler et al., 2017). Indeed, the short
echo time would enable a more distinguishable contrast between electrodes and
head tissues, facilitating the automated detection of the EEG sensors. As higher
contrast may enable a clearer visualization of the electrodes, alternative approaches
for their detection, not only intensity- or size- based, may be implemented,
including contour and shape detection of the electrodes (Tward et al., 2013).
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5.2.3. Linking

hemodynamic

and

electrophysiological

activity
For a long time, effective artifact reduction methods were not available, thus
clean EEG data acquired inside the scanner could only be obtained by performing
interleaved EEG-fMRI recordings (Bonmassar et al., 2001; Bonmassar et al., 2002).
Practically, this approach consisted of triggering the image volume acquisition with
the event of interest as detected from the EEG data. In this way, the EEG traces
were not obscured by the fMRI acquisition (Allen et al., 1998; Muri et al., 1998).
Also, due to the relative delay of the corresponding hemodynamic response, as
compared to the immediate response detectable on the EEG recording, it was
possible to correlate the two measurements. This strategy found large application in
clinical environment, in particular for online monitoring and detection of epileptic
discharge, and in behavioral studies, e.g. event-related paradigm (Goldman et al.,
2002; Debener et al., 2005). Anyway, this approach did not allow an exact temporal
match between the EEG and fMRI signals, which prevented the truthful coupling
and detailed investigation of the brain function nature. In fact, in particular for those
cases in which the features of interest cannot be externally controlled, as in epilepsy
(Seeck et al., 1998; Gotman and Pittau, 2011; Grouiller et al., 2016), resting-state
activity (Goldman et al., 2002; Britz et al., 2010) and trial-by-trial fluctuations in
event-related studies (Scheeringa et al., 2011), simultaneous recordings are
warranted. The work of this thesis will contribute to extend the application of
simultaneous EEG-fMRI also to these brain research applications.
The developed technological platform for EEG-fMRI data integration would
be especially suitable for all those applications in which data averaging is not an
option and the coupling of the two measurements cannot be performed on a trialby-trial basis, such as extended monitoring in sleep research and resting state
investigations (Mantini et al., 2007; Horovitz et al., 2008; Laufs, 2008; Tyvaert et al.,
2008; Britz et al., 2010; Laufs, 2012). During resting state, the subject does not
perform any tasks, but he is simply asked to rest, without thinking about anything
specific (Damoiseaux et al., 2006; Laufs, 2008; Chen et al., 2008). Brain activity and
connectivity at rest have been extensively investigated by means of fMRI (Gillebert
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and Mantini, 2012), but the limited temporal resolution of fMRI prevents from
accurately detecting the rapid changes in brain activity and connectivity (Shmuel
and Leopold, 2008; Ganzetti and Mantini, 2013). The detection of resting state
networks derived from high-density EEG data has recently been achieved (Liu et al.,
2017). EEG networks showed a clear correspondence with the ones emerging from
fMRI data. Though, this comparison has been performed on datasets acquired for
different subject populations in separate recording sessions. The difference in
subject populations shows network consistency regardless of the methodology used
for acquiring the brain signal and the examined population. However, the analysis
of EEG and fMRI in separate recording sessions represents also a limitation as an
exact functional correspondence between the EEG derived networks and fMRI
networks cannot be established. Accordingly, the detection of resting state
networks also from EEG data simultaneously acquired with fMRI scanning
represents a natural future step. In fact, simultaneous acquisitions ensure that EEG
and fMRI recordings reflect exactly the same brain activity (Logothetis, 2001;
Ecihele et. 2009).
Quality of EEG recordings simultaneously acquired with fMRI can be probed
by retrieving EEG derived resting state networks, as done for data acquired outside
of the scanner (Liu et al., 2017). After this confirmatory step, novel neuroscientific
questions could be addressed, including the investigation of brain local activity
(Buzsaki, 2004) and the disclosure of the relationship between EEG and fMRI
measurements (Logothetis, 2001; Mantini et al., 2007; Scholvinck et al., 2010). This
can be achieved, for instance, by calculating the mutual correlation function
between fMRI signals and EEG power fluctuations in different frequency bands. In
this way, a coupling model between EEG and fMRI measurements can be derived.
Then, correlation analysis between voxel-by-voxel fMRI time-series and EEG source
reconstructed neuronal activity within a cortical site of interest (Shmuel and
Leopold, 2008; Leopold et al., 2013) can reveal if neuronal activity is significantly
correlated with local fMRI fluctuations in the same area only, or even in distant areas.
Following this analysis, the direct comparison between EEG and fMRI functional
connectivity can be performed to identify the frequency bands in the EEG data that
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permit functional interactions between distant brain areas. Hence, future
simultaneous EEG-fMRI studies may reveal the dynamic coupling between EEG and
fMRI and investigate the link between hemodynamic and electrophysiological
measures of long-range functional interactions.
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Figure 1.1. Synchronous activity and spatial arrangement allow the neuronal signal to be detected at
the scalp level. If neurons a) are aligned in a parallel fashion, but they do not fire synchronously, or b)
are synchronously active, but they present a not optimal spatial orientation, their overall activity result
in a weak generated signal, which might be not detectable at the scalp level. If neurons are firing
synchronously and are spatially oriented in parallel fashion, then the overall generated signal can be
detected by scalp EEG electrodes.
Figure 1.2. EEG spectrum subdivided in five frequency bands: a) delta rhythm (1-4 Hz), b) theta rhythm
(4-8 Hz), c) alpha rhythm (8-13 Hz), d) beta rhythm (13-30 Hz), and e) gamma rhythm (30-80 Hz).
Figure 1.3. Schematic of an EEG recording system, including a) cap or net, enclosing a set of multiples
electrodes, placed on the scalp of the subject, b) amplifier in which recorded signals are amplified and
digitized, and c) recording computer on which EEG data are displayed for on-line visualization.
Figure 1.4. Example of a) structural MR image, b) segmented into twelve layers, each of them
representative of a specific head tissue. This segmentation includes cortical white matter, cortical gray
matter, CSF, fat, compact bone, spongy bone, skin, muscle, eyes, cerebellar white matter, cerebellar
gray matter, and brainstem. From left to right, axial, coronal, and sagittal views are displayed.
Figure 1.5. Behavior of nuclear magnetic moments a) in absence and b) in presence of a static
magnetic field B. In a), nuclei are randomly oriented and their magnetic contribution is equal to zero,
since there is not a preferential direction of alignment. In b), the presence of a magnetic field induces
the alignment of nuclear magnetic moments in the direction of the magnetic field, in a parallel or antiparallel fashion.
Figure 1.6. In presence of a static magnetic field B, the magnetization vector M is aligned with B and it
has maximum magnitude (a). When a supplementary magnetic field B1 is applied M is tilted of a certain
angle proportional to the duration and entity of B1 (b). Both in a) and b), M keeps rotating around its
own axis with a movement called precession.
Figure 1.7. Discrimination of brain tissues based on the contrast associated with specific relaxation
times. In a) T1-weighted recovery of different structures is shown. A short TR time provides a larger
contrast between two tissues with different composition. A long TR does not allow discriminating the
two structures. In b) T2-weighted decay of different structures is shown. A short TE time does not allow
discriminating the two structures. A long TR provides a larger contrast between two tissues with
different composition.
Figure 1.8. Schematic of an MRI acquisition system, including a) superconductive magnet, which
generates the static magnetic field, b) RF coils, which generates the temporally-varying gradients and
detect the released signals from the brain, c) head-coil, which constrains the volume of interest to be
acquired, d) recording computer on which MR data can be visualized, following the reconstruction of
the image, and e) bed on which the subject lies during the investigation in the MR scanner. The MR
scanner is located in a shielded room. This is required for safety reasons, for avoiding dangerous
situations related to the presence of a free strong magnetic field, and for data quality, for avoiding
unwanted distortions in the MR data due to electromagnetic disturbances. Accordingly, only MRcompatible electronic device and metal-free objects can be introduced in the MR scanner room. The
recording computer is located in the control room, which is typically next to the MR scanner room.
Figure 1.9. Schematic of an EEG-fMRI acquisition system, including a) superconductive magnet, b) RF
coils, c) head-coil, d) recording computer for MR data, e) bed on which the subject lies during the
EEG-fMRI investigation, f) EEG cap or net, g) amplifier in which EEG channels and other physiological
signals during the experiment are collected, h) EEG recording computer to which data are sent from
the amplifier by means of a fiber optical cable, and i) ECG electrodes to record subject’s cardiac
activity. EEG and ECG electrodes, and amplifier are adapted to be MR-compatible.
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Figure 1.10. Example of a) subject wearing an EEG net and undergoing a concurrent EEG-fMRI
experiment. The electrodes of the EEG net are visible in the MR structural images acquired during the
investigation (b). The quality of the images is not affected by the presence of the EEG equipment.
Figure 1.11. Illustrative example of 10 s of EEG data collected during simultaneous EEG-fMRI. In raw
EEG signals, the gradient artifact completely covers the neuronal signal.
Figure 1.12. Illustrative example of 10 s of EEG data collected during simultaneous EEG-fMRI. EEG
signals are gradient artifact corrected, though the BCG artifact compromises the reliable
characterization of the neuronal signal.
Figure 2.1. Representative EEG trace before and after the gradient artifact correction. The removal of
the gradient artifact from the EEG signal permitted to identify BCG events.
Figure 2.2. Detection of ECG and BCG events. Representative traces displaying the timing relationship
(ECG-BCG delay) between the R-peak from the ECG signal (ECG event) and the main peak of the BCG
occurrence (BCG event) from the EEG recordings acquired inside the MR scanner. The interval
between two consecutive cardiac occurrences is defined as RR.
Figure 2.3. Heart Rate Variability (HRV) and ECG-BCG delay variability. a) The HRV is estimated by
considering the sequence of RR intervals, i.e. time intervals between each ECG-peak and its
consecutive, and b) the distribution of the RR intervals is calculated. c) The delays between each
cardiac event and its corresponding BCG event are extracted and its distribution is calculated. d) The
relationship between RR intervals and ECG-BCG delays are shown by means of a scatter plot.
Figure 2.4. Relationship between RR intervals and ECG-BCG delay. The scatter plot shows a
dependency between HRV and the ECG-BCG delay variability across subjects.
Figure 2.5. Selection of main BCG waves in individual datasets. a) EEG data were epoched by using
the ECG events as triggers to produce a butterfly plot; b) RMS across channels was computed to
identify five main peaks (marked in the figure).
Figure 2.6. Subject-level spatial maps for each of the five main BCG peaks. Topographic maps were
extracted for each subject in correspondence to five different major peaks identified from the RMS
plot.
Figure 2.7. Group-level spatial maps for each of the five main BCG peaks. Topographic maps were
extracted for each subject in correspondence to five different major peaks identified from the RMS
plot. They were then normalized to z-scores and averaged across subjects.
Figure 2.8. Spatial maps of the two main BCG components. The first (left) and second PCs (right) had
76.69% and 12.71 % explained variance, respectively. Their topographic maps are shown in z-scores
for visualization purposes.
Figure 3.1. Flowchart of the method for detecting the BCG artifact occurrences in the EEG data
recorded simultaneously with fMRI. a) The ECG signal is processed to detect the cardiac events. b)
EEG data are given as input for PCA to generate a representative BCG signal, defined as the first
principal component. c.1) Information on cardiac occurrences obtained from a) is used to retrieve the
BCG occurrences, by aligning the cardiac events detected from the ECG signal in a) with the BCG
signal defined in b). c.2 ) BCG signal can be treated as an alternative ECG signal and be processed to
detect the cardiac events. The detection of cardiac occurrences based on EEG information can take
into account of the subject- and epoch-specific variability of the delay between cardiac events in the
ECG signal and EEG data.
Figure 3.2. Flowchart of the method used for generating the BCG artifact template. The subtraction of
this template from gradient-corrected EEG data leads to clean EEG signals. a) Information on cardiac
occurrences, previously obtained (Fig. 1), is used to epoch the EEG data channel-by-channel; b)
Epoched single EEG channel is processed to generate an epoch-by-epoch artifact model; c) The
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artifact model is combined with the original data for reconstructing the full BCG artifact timecourse.
The full procedure is iteratively performed for each channel.
Figure 3.3. Illustrative example of 10 s of EEG data collected during simultaneous EEG-fMRI for five
representative channels, a) before gradient artifact correction, i.e. raw data; and b) after gradient
artifact correction.
Figure 3.4. Qualitative comparison between the EEG recordings before (Orig) and after BCG artifact
correction (AAS, ICA, OBS, aOBS) in a representative subject (S1). a) Illustrative example of 10 s signal
from a single EEG channel. Following the application of BCG removal methods, the amplitude of the
EEG signal strongly decreases, as the BCG artifact contribution is attenuated. b) EEG signals from all
recording channels were epoched in time-windows of 600 ms by using as triggers the cardiac events
detected from the ECG signal. By displaying the cardiac evoked activity, it is possible to observe the
overall cardiac contribution to the EEG data.
Figure 3.5. Quantitative assessment of BCG artifact attenuation for all the subjects. Box plots are
provided for all the subjects (S1, S2, S3, S4, S5, S6) for which AAS, ICA, OBS, and aOBS methods were
applied for removing the BCG artifact from the EEG recordings. Comparison is performed by
examining: a) the percentage of BCG residuals in the cleaned EEG data. For each subject, aOBS
method outperforms all the other methods in terms of BCG artifact attenuation as shown by the
consistently lower percentage of residuals. b) the cross-correlation between EEG channels and ECG
signal.
Figure 3.6. VEPs obtained from gradient-artifact corrected (Orig) and also BCG-artifact corrected (AAS,
ICA, OBS and aOBS) data in a representative subject (S1). These VEP were compared with those
obtained from the same subject outside the scanner (Out). EEG signals were epoched using the visual
events as triggers, and baseline-corrected using the pre-stimulus interval. a) Average time-courses for
all recording EEG channels are presented on the left (Butterfly plot); b) Topographic maps, on the right
(Topography), refer to the spatial distribution across channels at the P100 latency, which commonly
corresponds to the strongest visual activation.
Figure 3.7. a) SNR (expressed in dB) and b) inter-trial variability associated to the VEPs calculated from
gradient-artifact corrected (Orig) and BCG artifact corrected (AAS, ICA, OBS and aOBS) data for each
subject (S1, S2, S3, S4, S5, S6).
Figure 4.1. Workflow for detection and labeling of EEG electrodes from a structural MR image.
Figure 4.2. Main image processing steps, from the input image to the EEG electrodes detection. The
structural MR image of a representative subject is shown in sagittal view, for different processing steps.
Figure 4.3. Template 256-channel montage used in this study, overlaid over a rendered surface of a
head in MNI space.
Figure 4.4. Example of rotated net with respect to the head midline. The rendered surface is extracted
from the MR image of subject S3. The blue dashed line indicates the midline of the EEG net, whereas
the red dashed line indicates the head midline.
Figure 4.5. Example of imprecise wire gathering around the head. This was extracted from the MR
image of subject S6.
Figure 4.6. Example of electrode detachment from the head. This was extracted from the MR image of
subject S4.
Figure 4.7. Positioning error (PE) for MR-based and GPS-based electrode detection. Whisker plots are
provided for subjects S1 and S2, in whom both MR data and GPS data were acquired. a) MR-based
electrode detection (MRI), b) GPS-based detection with coregistration error (GPS Total), c) GPS-based
detection without coregistration error (GPS Intrinsic).
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Figure 4.8. Spatial distribution of PE for MR-based and GPS-based electrode detection. From left to
right, coronal, sagittal and axial views are displayed. a) MR-based electrode detection (MRI), b) GPSbased detection without coregistration error (GPS Intrinsic).
Figure 4.9. Positioning error (PE) for MR-based electrode detection in an additional set of MR images.
Whisker plots are provided for subjects S3-S8. These six subjects were involved in the performance
assessment of our MR-based method in the presence of sensor net positioning and MR imaging
problems.
Figure 4.10. Spatial distribution of PE for MR-based electrode detection in an additional set of MR
images (subjects S3-S8). From left to right, coronal, sagittal and axial views are displayed.
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Table 2.1. Descriptive statistics for RR intervals and ECG-BCG delays in individual subjects. The
relationship between the two parameters was assessed by means of Pearson’s correlation on an equal
number of points for all the subjects. Correlation was calculated also across subjects (equal to 0.49,
p<0.0001).
Table 2.2. Framewise displacement (FD) evaluated for translation along and rotation around the x-, y-,
and z-axes, respectively. FD was derived from the realignment parameters of fMRI volumes, which
were acquired simultaneously with EEG. Average FD values are shown for individual subjects.
Table 3.1. Percentage of BCG residuals in the cleaned EEG data is estimated for all the subjects (S1,
S2, S3, S4, S5, S6) for which AAS, ICA, OBS, and aOBS methods were applied for removing the BCG
artifact from the EEG recordings. Average value and standard deviation are reported for each BCG
artifact removal method at the single-subject and at the group level.
Table 3.2. Cross-correlation between EEG channels and ECG signal estimated for all the subjects (S1,
S2, S3, S4, S5, S6), for the gradient-corrected data (Orig), and following the application of the BCG
artifact removal methods (AAS, ICA, OBS, and aOBS). Average value and standard deviation are
reported for each BCG artifact removal method at the single-subject and at the group level.
Table 3.3. SNR (expressed in dB) obtained from the VEPs reconstructed from gradient-artifact
corrected (Orig) and BCG artifact corrected (AAS, ICA, OBS and aOBS) data for all the subjects (S1, S2,
S3, S4, S5, and S6) at single subject and at group level. SNR is estimated as the ratio between the
maximum signal amplitude in the evoked response period, calculated as the maximum RMS value, and
the baseline noise, calculated as the average RMS in the pre-stimulus interval, in both cases calculated
across all the recording EEG channels.
Table 3.4. Single-trial variability of the VEPs reconstructed from the BCG-artifact corrected (using AAS,
ICA, OBS and aOBS) data at the single-subject and at the group level.
Table 4.1. Analysis of the number of false negative (FN) and false positive (FP) across different analysis
stages. This analysis refers to three main stages: 1) definition of candidate electrodes after the image
processing part (before filtering), first filtering step based on inter-electrode distance, second filtering
step based on the distance from the head contour.
Table 4.2. Positioning error (PE) and localization accuracy (LA) for MR-based and GPS-based electrode
detection. Subject S1 and S2 are the ones in whom both MR data and GPS data were acquired. For
the PE average value, standard deviation and maximum value are reported. LA shows the percentage
of electrodes for which PE is lower than 10 mm.
Table 4.3. Positioning error (PE) and localization accuracy (LA) for MR-based electrode detection in an
additional set of MR images. For the PE average value, standard deviation and maximum value are
reported. LA shows the percentage of electrodes for which PE is lower than 10 mm. Subjects S3-S8 are
the six subjects involved in the performance assessment of our MR-based method in the presence of
sensor net positioning and MR imaging problems.

136

List of tables

137

138

Curriculum vitae

Curriculum vitae

139

Curriculum vitae
Marco Marino
ETH Zurich - NCM Lab
Winterthurerstrasse 190
Building Y36 / Y17, Floor M
8057 Zurich, Switzerland

Nationality: Italian
Date of birth: 21 September 1989
e-mail: marinom@student.ethz.ch

EDUCATION
2014 – present

Ph.D. student in Brain Imaging at ETH Zurich, SWITZERLAND
Research
Topic:
Coupling
between
electrophysiological
and
hemodynamic measures of functional connectivity in the human brain,
Supervisor: Prof. Dr. Nicole Wenderoth.

2014

M.Sc. in Biomedical Engineering at University of Bologna, ITALY.
Thesis: “Study and development of automated techniques for the
assessment of left ventricular mass and volumes in cardiac magnetic
resonance”,
Supervisor: Prof. Dr. Cristiana Corsi.

2011

B.Sc. in Biomedical Engineering at University of Bologna, ITALY.
Thesis: “Measurement of strain in ligaments using image correlation”,
Supervisor: Prof. Dr. Luca Cristofolini.

2008

Scientific High School Diploma at Liceo Scientifico Fulcieri Paulucci
di Calboli, ITALY.

RESEARCH EXPERIENCE
09/15 – present

International Scholar at KU Leuven, BELGIUM.
Coupling between electrophysiological and hemodynamic measures of
functional connectivity in the human brain. Research related to my
doctorate program in partnership with ETH Zurich.
10/14 – present
Research assistant at University of Oxford, UK.
Coupling between electrophysiological and hemodynamic measures of
functional connectivity in the human brain. Research related to my
doctorate program in partnership with ETH Zurich.
04/14 – 09/14
Visiting graduate student at University of Chicago, IL, USA.
Developed image processing tools for the assessment of cardiac size and
function from magnetic resonance images.
01/13 – 07/13

Visiting undergraduate student (Erasmus LLP) at Université de
Technologie de Compiègne (UTC), FRANCE. Analyzed mechanical
properties of bone tissue using nanoindentation technique.

03/11 – 09/11

Undergraduate research assistant at Istituto Ortopedico Rizzoli,
ITALY. Analyzed mechanical properties of ligaments using digital image
correlation technique.

140

RESEARCH INTERESTS
-

Medical imaging analysis (structural and functional MRI, cardiac MRI)
EEG signal analysis
Neuroscience (functional connectivity in the human brain)
Multimodal imaging (EEG-fMRI integration)

PUBLICATIONS
Marino M., Liu Q., Koudelka V., Porcaro C., Hlinka J., Wenderoth N., Mantini D., “Adaptive
optimal basis set for BCG artifact removal in simultaneous EEG-fMRI”, submitted.
Marino M., Liu Q., Del Castello M., Corsi C., Wenderoth N., Mantini D., “Heart-brain
interactions in the MR environment: characterization of the ballistocardiogram in EEG signals
collected during simultaneous fMRI”, submitted.
Liu Q., Marino M., Wenderoth N., Mantini D., “Frequency-dependent intrinsic interactions
in the default mode network”, in preparation.
Marino M., Liu Q., Brem S., Wenderoth N., Mantini D., “Automated detection and
labelling of high-density EEG electrodes from structural MR images”, Journal of Neural
Engineering, 13, 5, 2016, http://dx.doi.org/10.1088/1741-2560/13/5/056003.
Marino M., Corsi C., Maffessanti F., Patel A.R., Mor-Avi V., “Objective Selection of ShortAxis Slices for Automated Quantification of Left Ventricular Size and Function by
Cardiovascular Magnetic Resonance”, Clinical Imaging, 40, 4, pp 617-623, 2016,
http://dx.doi.org/10.1016/j.clinimag.2016.02.025.
Kawaji K., Patel M. B., Cantrell C. G., Tanaka A., Marino M., Tamura S., Wang H., Wang Y.,
Carroll T. J., Ota, T. and Patel, A. R., “A fast, non-iterative approach for Accelerated HighTemporal Resolution cine-CMR using Dynamically Interleaved Streak removal in the Powerspectral Encoded domain with Low-pass-filtering (DISPEL) and Modulo-Prime Spokes
(MoPS)”, 2017, Medical Physics, http:dx.doi.org/10.1002/mp.12234.

CONFERENCE PROCEEDINGS
Marino M., Liu Q., Koudelka V., Hlinka J., Wenderoth N., Mantini D., “BCG artifact removal
in simultaneous EEG-fMRI: an adaptive optimal basis set method”, BACI Conference 2017,
Bern, 29 August-2 September 2017, Talk.
Liu Q., Marino M., Wenderoth N., Mantini D., “Frequency-dependent connectivity analysis
using high-density EEG”, OHBM 2017 Annual Meeting, Vancouver, 25-29 June, Poster.
Marino M., Liu Q., Brem S., Wenderoth N., Mantini D., “Detecting high-density EEG
electrodes from structural MR images”, OHBM 2016 Annual Meeting, Geneva, 26-30 June
2016, Poster.
Kawaji K., Patel M.B., Marino M., Lang R.M., Wang H., Wang Y., Patel A.R., “Improved
Assessment of Left Ventricular Diastolic Function using High-Temporal Cine-CMR”, ISMRM
24th Annual Meeting & Exhibition, Singapore, 7-13 May 2016, Poster.
Marino M., Mor-Avi V., Maffessanti F., Corsi C., Patel A.R., “Objective Selection of ShortAxis Slices for Automated Quantification of Left Ventricular Size and Function by
Cardiovascular Magnetic Resonance”, SCMR-EuroCMR 2015 Joint Scientific Sessions, Nice,
4-7 February 2015, Poster.

Curriculum vitae

141

Kawaji K., Marino M., Tanaka A., Tarroni G., Ota T., Lang R. M., Patel A. R., “A Novel
Technique for Respiratory Motion Correction in Rapid Left Ventricular Myocardial T1
Mapping and Quantitative Analysis of Myocardial Fibrosis“, American Heart Association
Scientific Sessions, Chicago, 15-19 November 2014, Poster.
Marino M., Veronesi F., Tarroni G., Mor-Avi V., Patel A.R., Corsi C., “Fully Automated
Assessment of Left Ventricular Volumes, Function and Mass from Cardiac MRI”, Computing
in Cardiology, Boston, 7-10 September 2014, Talk.
Marino M., Veronesi F., Corsi C., “Fully Automated Assessment of Left Ventricular Volumes
and Mass from Cardiac Magnetic Resonance Images”, 36th Annual International Conference
of the IEEE Engineering in Medicine and Biology Society, Chicago, 26-30 August 2014,
Poster.

INVITED TALKS
Research seminar: “Multimodal Imaging of Dynamic Functional Connectivity in the Resting
Human Brain” at University of Bologna, Faculty of Biomedical Engineering, Campus of
Cesena, Italy, 4 May 2016.
Research seminar: “BCG artifact characterization and removal in simultaneous EEG-fMRI” at
KU Leuven, Faculty of Electrical Engineering, ESAT, Leuven, Belgium, 15 June 2017.

LANGUAGES
Italian (Native), English (Fluent), French (Fluent), Dutch (Basic).

PROGRAMMING
Matlab (Advanced), Simulink (Beginner), C++ (Beginner), Java (Beginner), SQL (Beginner),
Labview (Beginner)
Neuroimaging software: MRIcron (Intermediate), SPM (Intermediate), EEGLab (Intermediate),
Fieldtrip (Beginner), FSL (Beginner)

TECHNICAL SKILLS
-

142

Signal and image processing (filtering, statistics, segmentation methods)
EEG data acquisition
Brain MR data acquisition
Simultaneous EEG-fMRI data acquisition and processing
Mechanical characterization of biological tissues (load cell, strain gauges, DIC
technique)
Kinematic and dynamic analysis of human body motion (marker positioning,
acquisition and data analysis)

SUMMER SCHOOLS and COURSES
FMRIB course on MRI Physics and fMRI analysis using FSL software at, Oxford, UK, October
2014-July 2015.
ACADEMIC WRITING course at Oxford, UK, October 2014-March 2015
EXCITE summer school in Biomedical Imaging at Zurich, Switzerland, 31 August-11
September 2015.
LET’S TALK SCIENCE workshop on Communication Science at Gent, Belgium, 4-6 July
2016.
NIBS summer School in Non-Invasive Brain Stimulation at Freiburg, Germany, 12-16
October 2016.

OTHER EXPERIENCE
2015 – present
2014 – 2015
2010 – 2013

2007 – 2012
2008 – 2010

Actor in university theatre company “CampusToneel” (in Dutch).
Active member of Oxford University Italian Society (OUIS) at
University of Oxford. Responsable for Cineforum Nights.
Representative and vice president of the engineering student union
at University of Bologna.
Planned conferences for engineering students.
Actor in amateur theatre companies (in Italian, French and English).
Volunteer with Emergency (Italian humanitarian NGO that provides
emergency medical treatment worldwide). Involved in educational
activity in high school and planning of local promotional events.

These experiences allowed me to developed interpersonal communication skills and public
speaking ability.

ON-LINE LINK
http://it.linkedin.com/pub/MarcoMarino
https://www.researchgate.net/profile/MarcoMarino

Curriculum vitae

143

144

